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The discharge of sediment-laden rivers into the Mississippi Sound increases the
turbidity of coastal waters. The concentration of suspended particulates is an important
parameter in the analysis of coastal water quality factors. The spatiotemporal resolution
associated with satellite sensors makes remote sensing an ideal tool to monitor suspended
particulate concentrations. Accordingly, the presented research evaluated the validity of
published algorithms that relate remote sensing reflectance (Rrs) with suspended
particulate matter for the Mississippi Sound. Additionally, regression analysis was used
to correlate in situ SPM concentrations with coincident observations of visible and nearinfrared band reflectance collected by the MODIS Aqua sensor in order to develop a
predictive model for SPM. The most robust algorithm yielded an RMSE of 15.53% (n =
86) in the determination of SPM concentrations. The application of this algorithm allows
for the rapid assessment of water quality issues related to elevated SPM concentrations in
the Mississippi Sound.
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CHAPTER I
INTRODUCTION
1.1

Introduction
Estuaries are semi-enclosed coastal bodies of brackish water that serve as

transition zones between fluvial and marine environments (Hu et al., 2004). They are
notable for their high degree of biological productivity and diversity as well as their
capacity to mitigate coastal hazards such as storm surges and wave erosion. Estuaries are
often proximal to large human populations and are widely utilized for transportation,
commercial fishing, and recreation (Hu et al., 2004). The concentration of suspended
particulates in estuarine and coastal waters is an important parameter in the calculation of
regional sediment budgets, in the analyses of water quality factors and nutrient dynamics,
as well as in the transport of pollutants, pathogens, and toxic metals (Dash et al., 2015;
May et al., 2003; Mayer et al., 1998). Additionally, an understanding of particulate
transport pathways between terrestrial and marine environments is necessary to assess the
biogeochemical processes within a water body (Booth et al., 2000), which in turn yields a
more thorough understanding of elemental flux and residence time of harmful chemicals
or substances in the water (Booth et al., 2000). Accordingly, accurate estimation of
suspended particulate matter (SPM) concentration, which is considered the non-filterable
fraction of a water sample, is critical in understanding the water quality and
biogeochemical parameters of estuarine and coastal waters (Zhao et al., 2011).
1

1.2

Mississippi Sound Overview
The Mississippi Sound is a body of water in the northern Gulf of Mexico that is

fed by a number of rivers and enclosed by a linear string of barrier islands. Feeding rivers
include the Mississippi, Lower Pearl, Jourdan, Wolf, Biloxi, Pascagoula, Escatawpa, and
Mobile Rivers. The watershed of the Mississippi Sound includes substantial agricultural
land use, which results in elevated loads of sediments, dissolved chemicals, bacteria,
nutrients, and other terrestrial solids carried by rivers and streams into the estuarine and
coastal waters (Chen et al., 2012; Dash et al., 2015; Hu et al., 2004). Additionally, any
pollutant in the path of one of these major rivers has the potential to be transported into
the Mississippi Sound. It is important to understand SPM concentrations in the
Mississippi Sound due to the vast size and complexity of its watershed, which may lead
to undesirable water quality issues along the coast. The sound is home to many coastal
bays as well, including the St. Louis Bay, Biloxi Bay, Pascagoula Bay, and Grand Bay
(Moretzsohn et al., 2016). Additionally, there are 20 marine reserves run by the
Mississippi Department of Marine Resources, including Buccaneer State Park and
numerous wildlife refuges (Moretzsohn et al., 2016). The Gulf Islands National Seashore
includes Ship and Horn Islands off the Mississippi Gulf Coast, and is a largely (80%)
submerged habitat for migrating bird populations (NPS). The Grand Bay Savannah
Nature Preserve, Mon Louis Island Salt Marshes, and numerous other conservation and
natural resource tracts are located in the eastern portion of the Mississippi Sound
(MBNEP). In fact, the largest coastal pine savanna and salt marsh, both of which are
relatively undisturbed, lie in the Alabama portion of the Mississippi Sound (MBNEP).
Each of these reserves along with the Mississippi Sound Barrier Islands are home to
2

numerous freshwater and coastal wetland habitats such as wet pine savanna, maritime
forests, oyster reefs, submerged sea grass beds, intertidal flats, pine flatwoods, and
numerous bays and bayous (MBNEP). The Mississippi Sound also houses habitats for a
few species of wading birds such as the Reddish Egrets and other neotropical bird
species, especially around Cat Island (MBNEP). The success and health of these
protected habitats are due to the freshwater input from the numerous rivers, which
promotes marine biodiversity (NPS). The coastal and estuarine waters not only support
recreation for both tourists and residents, but the Mississippi Sound is also a major
fishery for the U.S. and provides as a highly productive nursery for blacktip and other
shark species, dolphins, shrimp, and juvenile larval fish (Crear, 2012; Mississippi
Department of Marine Resources, 1999). The continued success of thousands of species,
including human populations surrounding the Mississippi Sound, depends largely on the
quality of the fresh water brought down by rivers and the movement of the particulates by
currents within the Sound. Given that SPM has been found in association with nutrients,
toxins, harmful algae, pathogens, and bacteria, it is important to continually monitor these
concentrations in order to quantify the health of the Mississippi Sound waters.
1.3

Suspended Particulate Matter (SPM)
Total SPM may be divided into an organic (SPOM) and inorganic (SPIM)

fraction. For the purpose of this study, SPM includes the filterable optically active
constituents (OACs), which are any materials that affect the optical properties of the
water. This includes phytoplankton (chlorophyll a and phycocyanin) and mineral
particles (Gohin et al., 2011). When precipitation occurs over a watershed, the materials
listed above are transported by surface flow, along with numerous other non-optically
3

active constituents, and ultimately discharged into the receiving body of water creating a
plume of increased SPM concentrations. Additionally, ocean currents may suspend sea
floor sediments within coastal waters if the shear stress induced by the currents is
sufficient to erode the sea bed (Booth et al., 2000; Chen et al., 2006). Sediment
resuspension is common in shallow coastal environments, such as the Mississippi Sound,
where the depth of the wind-induced surface wave base is greater than that of the sea
floor (Booth et al., 2000). SPM dynamics may be affected not only by wind velocity and
waves, but ocean currents, tidal variation, and the density of suspended particles (Lahet et
al., 2010), along with fluvial dynamics and coastal geomorphology.
1.4

Remote Sensing of SPM
Quantifying the variability of coastal particulate concentrations by in situ

measurements is time consuming, expensive, and often inaccurate due to sampling bias,
which may result from improper sampling techniques, positional uncertainty, or an
inadequate number or placement of sample sites (Reynolds et al., 2005). Estuarine and
coastal processes vary on spatial scales from microns to kilometers and temporal scales
of seconds to decades. Satellite ocean color remote sensing is an effective tool to capture
the spatiotemporal variability of a specific parameter within a study area, especially in
waters that are rich in terrestrial sediments and organic matter (Aurin et al., 2012).
Remote sensing techniques have been very effective in the rapid assessment of SPM
concentrations in coastal and estuarine regions (Hu et al., 2004), improving on traditional
vessel-based field sampling methods that often lack the temporal and spatial resolution
necessary to adequately constrain environmental processes of interest (Miller and
McKee, 2004; Zhao et al., 2011). However, remotely sensed images must be processed
4

based on site-specific variables in order to accurately estimate SPM concentrations
(Dickey et al., 2006). The challenges to such an approach have been presented by Dickey,
Lewis, and Chang (2006) as follows: 1) numerous variables are involved; 2) ocean
properties are nonconservative, meaning they may differ based on the processes at work;
3) cost of in situ measurements and some remote sensing images is high; and 4)
incorporation of remote sensing models into scientific research is relatively new. Many
ocean color remote sensing instruments have established algorithms that are used for
image processing, but those algorithms are specific to open ocean conditions; optical
properties in estuarine and coastal waters are more complex due to sedimentary and
biogeochemical particulate suspension (Aurin et al., 2012). An important goal in coastal
research and remote sensing is to identify and quantify these sedimentological and
biogeochemical parameters from remotely sensed imagery alone, with only occasional in
situ measurement for continuous validation (Nezlin et al., 2008).
Researchers now widely apply satellite-based remote sensing techniques to
estimate SPM concentrations in coastal waters in order to understand water quality
conditions and processes, which can in turn inform best management practices for coastal
environments and ecosystems (Dash et al., 2015; Gohin et al., 2011; Zhao et al., 2011).
Specifically, satellite observations in the visible and near-infrared (NIR) portion of the
electromagnetic spectrum have proven successful in monitoring ocean color due to its
OACs, which are easily detected by satellite and field based spectroradiometers. (Martin,
2004). It is important to select a sensor appropriately suited to particular study, and the
daily sampling frequency and moderate spatial resolution (1 km) provided by the
Moderate Resolution Imaging Spectroradiometer (MODIS) Aqua instrument has been
5

shown to be a highly effective tool for analysis of SPM concentration in many areas of
the world (Feng et al., 2014; Fernández-Nóvoa et al., 2015; Nezlin et al., 2008; Tarrant et
al., 2010; Wu et al., 2013; Zhang et al., 2010). Typically, a higher resolution sensor
would be preferred, however, a more moderate resolution is common for instrument
designed to survey ocean color due to the vast size and relative homogeneity of the
ocean. In addition, MODIS Aqua has a high radiometric resolution ranging from 400 nm
to 1400 nm, making it an excellent instrument for nearly any oceanic or atmospheric
investigation (NASA).
Previous investigations have established predictive models that relate in situ SPM
concentrations in the northern Gulf of Mexico to visible and near-infrared reflectance
(Rrs) observed by the MODIS instrument (Miller and McKee, 2004), however, these
results indicate that the presented models are site-specific due to variations in the specific
light scattering properties of particles from different sources, such as sediment grain size,
shape, and composition as well as the ratio of inorganic to organic particles (Binding et
al., 2005). Multiple investigations of this nature have focused on the Mississippi River
Delta (Aurin et al., 2013; Del Castillo and Miller, 2008; Jones et al., 2015; Mayer et al.,
1998; Myint and Walker, 2002; Wysocki et al., 2006) and Mobile Bay (Stumpf et al,
1993, Zhao et al., 2011); however, none have exclusively considered the adjacent
Mississippi Sound.
1.5

Objective
The primary objective of this research was to correlate in situ observations of

SPM and SPIM concentrations in Mississippi Sound with coincident observations of
visible and NIR band reflectance collected by the MODIS sensor in order to develop a
6

site-specific empirical predictive model for SPM and SPIM concentrations. First, the
validity of existing models was evaluated with in situ measurements of SPM and SPIM
concentrations. The coefficient of determination (R2) as well as the Root-Mean-Square
Error (RMSE) and Mean Absolute Error (MAE) between the satellite-predicted SPM and
SPIM concentration and in situ observed SPM and SPIM concentration were used to
quantify the applicability of each model to the Mississippi Sound. Ultimately, a
regression analysis was conducted in which a new model was developed for use in the
Mississippi Sound based on in situ SPM and SPIM concentrations and coincident
MODIS reflectance observations.

7

CHAPTER II
BACKGROUND
2.1

Overview of Water Quality Parameters
Fine suspended particles found in estuarine and coastal waters are comprised of

phytoplankton (living and dead) and mineral particles (Bowers et al., 1998). Due to the
small size of these particles, they have very slow settling speeds and are easily
transported (Bowers et al., 1998). Increased SPM concentrations may block direct
sunlight penetration for hours to days, limiting the amount of primary productivity that
occurs in the upper layers of water (Bowers et al., 1998; Cowan et al., 1996). Primary
production is known as the development or growth of organic material through the
process of photosynthesis, and because photosynthesis requires sunlight, the blockage of
this light may limit primary productivity in the water column (University of Michigan,
2008). Additionally, an excess of nutrients in coastal waters, supplied by associated
rivers, results in enhanced primary production by certain organisms, specifically harmful
algal blooms (HABs) produced by cyanobacteria (Dash et al., 2015; Gohin et al., 2011),
which threatens fish, oysters, shrimp, or any other marine organism (Bowers et al., 1998;
Dash et al., 2015; Harvey et al., 2015; Rabalais et al., 2002). The rapid growth of HABs
blocks sunlight from penetrating the water column and also leads to an overall depletion
of dissolved oxygen (DO) available in the water (Cowan et al., 1996), leading to anoxia
and hypoxia just above the sea floor (Harvey et al., 2015). Although photosynthesizing
8

organisms produce oxygen during the day, plants consume oxygen during the night,
including phytoplankton. In certain situations, DO is depleted faster than it is produced,
negatively impacting the entire ecosystem (LSU Agricultural Center, 2016).
Phytoplankton, which are marine autotrophs, require the appropriate wavelengths of light
in order to carry out photosynthesis, and many function as the base of localized food
webs (Dickey et al., 2006). Additionally, if the upper ocean is void of sunlight due to
abundant SPM concentrations, the thermal stratification of the water column is modified,
which in turn affects numerous ecological processes that are sensitive to changes in water
temperature (Dickey et al., 2006). Thermal stratification may also lead to the inability for
bottom and surface waters to mix, which normally re-oxygenate bottom waters (Dickey
et al., 2006). Finally, sediment transport, resuspension, and subsequent deposition is an
important term in the calculation of regional sediment budgets (Zhao et al., 2011). Given
its significance to physical, chemical, and biological estuarine processes, there is a need
to monitor SPM concentrations throughout coastal waters on a regular basis.
2.1.1

Water Quality in the Gulf of Mexico
The Gulf of Mexico has been subject to large-scale hypoxia, which develops

when there is a lack of oxygen in a water body due to high surface primary productivity,
which also creates more carbon flux to bottom sediments (Justić et al., 1996; Justić et al.,
2003). Hypoxia may occur close to shore or kilometers offshore, and has been shown to
have increased over the last 50 years, directly related to increased agricultural fertilizers
in the watershed in the form of nitrate, which is a limiting nutrient for the growth of
coastal or estuarine phytoplankton (Howarth et al., 1996; Goolsby et al., 1999; Justić et
al., 2003). As of now, 20,000 km2 of the Gulf of Mexico is suffering from large-scale
9

hypoxia, defined as < 2 mg oxygen (O2) per liter. This has resulted in substantial
attention attention because the Gulf of Mexico being is one of the most important
fisheries in the Unites States. Although nitrates from the watershed are a cause of the
hypoxia, the influence of climate change has been considered as well in explaining the
temporal and spatial variability in hypoxic levels. For example, Mississippi River
discharge has increased over the last 50 years, which has led to a direct increase in
hypoxic conditions (Goolsby et al., 1999; Justić et al., 2003). Although this “Dead Zone”,
is located south of the mouth of the Mississippi River, other areas in the Gulf of Mexico
also are subjected to these dangerous conditions.
2.2

Optically Active Constituents (OACs)
This study focuses on the particulate matter that contributes to the bio-optical

properties of the water: sediments, chlorophyll a (chl-a), and CDOM. Water bodies
containing all three of these constituents are considered Case-2 waters, where Case-1
waters only contain chl-a (Martin, 2004; Tassan, 1994). There is often a strong
correlation observed between the three components in Case-2 waters, because processes
that affect one will in turn affect the others (Tassan, 1994). Sediment concentrations are a
quantification of any inorganic material, usually a mineral component (Gohin, 2011).
Chl-a is a biological pigment found in all phytoplankton (algae), and is used most often
to predict total algal concentrations in a water body (Dash et al., 2015; Jones et al., 2015).
Dissolved organic carbon is transported by large rivers to create large carbon pools, and
CDOM represents a very large portion of the global carbon pool (Del Castillo and Miller,
2008). CDOM, when derived from a terrestrial environment, consists of dissolved humic
and fulvic acid from deteriorated or decayed plant matter, which are typically derived
10

from land-based runoff (Martin, 2004). In the ocean, CDOM is produced from dead,
decaying, or digested phytoplankton when it has been consumed by zooplankton (Martin,
2004). CDOM is an important variable to understand because it is the only dissolved
carbon-based particulate that has numerous characteristics that affect the light properties
of the water and can be detected from space (Conmy et al., 2003; Del Castillo and Miller,
2008; Martin, 2004). CDOM is related to chl-a in the sense that it is produced when
phytoplankton are degraded either biologically or chemically and the resulting detritus
consists of phytoplankton, zooplankton fragments, or fecal pellets (Martin, 2004).
Together, chl-a, sediments, and CDOM comprise the OACs in Case-2 waters.
2.3

Apparent and Inherent Optical Properties
SPM may be determined in two ways: as apparent optical properties (AOPs) or as

inherent optical properties (IOPS), both of which provide information about the bulk
properties of the water (Mobley, 2010). The use of AOPs gives information about water
constituents in the form of a concentration, such as SPM in milligrams per liter (mg/L) or
chl-a in µg/L. Conversely, IOPs are a measure of light that is scattered or absorbed by a
water constituent, typically given as an absorption or backscattering coefficient (Mobley,
2010). Both methods of analysis are made possible by the use of field and satellite
spectroradiometers, and information given by IOPs usually has the potential to give
information about the type and concentration of particles in the water (Mobley, 2010). As
an AOP, SPM is given as a concentration in mg/L and divided into an organic (SPOM)
and inorganic (SPIM) fraction by means of the glass-fiber filter method (Guy and
Norman, 1970). When SPM is measured by its IOPs, the way light behaves with the
particles must be understood, and the results are given as absorption or backscattering
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coefficients. When photons reach a surface, they will either be absorbed, transmitted, or
reflected by the surface (Mobley, 2010). Since water and its constituents have their own
IOPs, this can easily be done in the field or in a lab by the use of spectrophotometry or
fluorometry (Mobley, 2010). For example, the absorption coefficient at any given
wavelength can be determined by running the filtered portion of a water sample in a
spectrophotometer, which would ultimately give total SPM absorption (aSPM). The
filtered particulates may then be immersed in methanol in order to extract the algal
particles and absorption of non-algal particles (aNAP) will then be given. The absorption
of algal particles (aAP) may then be determined by the subtraction of the aNAP from
aSPM (Mitchell et al., 2002). Although sediments alone are often measured in a
laboratory setting as a concentration, methods are evolving to analyze sediment
concentrations by means of its backscattering properties (Dogliotti et al., 2015; Guerrero
et al., 2011). Chl-a and CDOM may also be analyzed by its AOPs or IOPs using
spectrophotometry and more specifically, fluorometry. Chl-a measurements may be taken
in situ with an Eco-Triplet fluorometer, or extracted from the water sample and measured
with spectrophotometry, while CDOM filtrate is measured solely by spectrophotometry
(Del Castillo and Miller, 2008). Both methods of determining SPM concentrations are
plausible methods depending on what the purpose of the research is. AOPs have long
been used for the development of empirical predictive algorithms when implementing
satellite-based remote sensing, however, the use of IOPs has become a popular method in
recent years, especially in the development of algorithms to determine abundance of
phytoplankton pigments and CDOM in a water body (Dash et al., 2011; Del Castillo and
Miller, 2008; Dogliotti et al., 2015; Gohin, 2011; Shank and Evans, 2011). This study
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primarily focused on the AOPs of SPM in the Mississippi Sound since the main objective
is to develop an empirical predictive algorithm for total SPM and SPIM rather than the
organic portions of the samples.
Numerous studies have considered the relationships between absorption
coefficient and SPM concentrations, because the influence of these parameters on light
properties underwater has the potential to significantly impact a wide range of marine
species (Bricaud et al., 1995; Gokul et al., 2014; Reynolds et al., 2005). Total SPM
concentrations are also directly related to turbidity, although it should be noted that the
two terms are not interchangeable. There is a direct positive relationship between the two
values, in which SPM in mg/L may be converted to Nephelometric Turbidity Units
(NTU), or turbidity, which is an optical property that is measured by volume of water and
constituents scattered, and is closely related to the optical backscattering coefficient
(Gohin et al., 2011). All of the presented parameters have been employed in empirical
predictive algorithms that relate satellite derived reflectivity data to physical water
properties. The appropriate parameter for a given study area will depend upon localized
environmental conditions and specific research goals.
2.4

Moderate Resolution Imaging Spectroradiometer (MODIS)
The Moderate Resolution Imaging Spectroradiometer (MODIS) sensor is operated

by the National Aeronautics and Space Administration (NASA) and is aboard the Aqua
satellite which is positioned in a sun-synchronous orbit around the Earth. MODIS Aqua
has been widely used in studies similar to the work presented here to quantify the spatial
and temporal variability of Earth surface processes (Chen et al., 2007; Chen et al., 2011;
Doxaran et al., 2009; Lahet and Stramski, 2010; Miller and McKee, 2004; Zhao et al.,
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2011). The sensor has been demonstrated to be a highly effective tool for the assessment
of SPM concentrations in coastal and estuarine waters due to its high sampling frequency,
high radiometric sensitivity, and a moderate spatial resolution of 1 km for ocean color
bands (Chen et al., 2011; Miller and McKee, 2004; Shi et al., 2015) (Table 2.1), although
the sensor does have two bands at 250 m spatial resolution (bands 1 – 2), and five bands
at 500 m spatial resolution (bands 3 – 7), which can be used for other analyses of
vegetation, clouds, aerosols, snow, ice, and temperatures (USGS, 2014).
Table 2.1

MODIS Aqua specifications.

Orbit:

Scan Rate:
Swath Dimensions:
Telescope:
Size:
Weight:
Power:
Data Rate:
Quantization:
Spatial Resolution:

Design Life:
Primary Use
Ocean Color/
Phytoplankton/
Biogeochemistry

Band

Bandwidth

8
9
10
11
12
13
14
15
16

405 - 420
438 - 448
483 - 493
526 - 536
546 - 556
662 - 672
673 - 683
743 - 753
862 - 877

705 km, 10:30 a.m. descending node (Terra) or 1:30 p.m.
ascending node (Aqua), sun-synchronous, near-polar,
circular
20.3 rpm, cross track
2330 km (cross track) by 10 km (along track at nadir)
17.78 cm diam. off-axis, afocal (collimated), with
intermediate field stop
1.0 x 1.6 x 1.0 m
228.7 kg
162.5 W (single orbit average)
10.6 Mbps (peak daytime); 6.1 Mbps (orbital average)
12 bits
250 m (bands 1-2)
500 m (bands 3-7)
1000 m (bands 8-36)
6 years
Spectral
Required
Radiance SNR
44.9
880
41.9
838
32.1
802
27.9
754
21.0
750
9.5
910
8.7
1087
10.2
586
6.2
516

MODIS is a multispectral scanner with 36 total bands, but only bands 8 – 16 are utilized
in ocean color remote sensing (Table from NASA).
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Aqua passes from south to north over the Mississippi Sound in the Gulf of Mexico
every day at approximately 1:30 P.M. local time (CST) in its polar orbit that comes
within 10 degrees of each pole (NASA). Reflectivity data is collected in 36 spectral
bands with wavelengths ranging from 0.4 µm - 14.4 µm (400 - 1400 nm) (Miller and
McKee, 2004). The resulting images, which may be downloaded at no cost from the
Ocean Color/GSFC (Goddard Space Flight Centre) WEB server operated by NASA
(Chen et al., 2007; Gohin et al., 2011).
2.5

History of SPM Studies
The history of estimating SPM concentrations from remotely sensed images

began in the mid-1970s with a study conducted by Klemas et al. (1974) using ERTS-1,
now known as Landsat 1, in which the red band of the multispectral scanner (MSS) was
found to give the best contrast between areas of increased SPM concentrations and
surrounding water pixels (Klemas et al., 1974). As remote sensing technologies advanced
into the 1990s, Tassan (1994) created local algorithms for the extraction of SPM, chl-a,
and CDOM using band ratios and reflectance values from the SeaWiFS sensor. Tassan
hypothesized that predictive algorithms could be developed based on the relationships
between phytoplankton pigment concentration, suspended sediment concentration, and
yellow substance (CDOM) absorption, with satellite-derived reflectance. He successfully
developed three separate algorithms for each of the water constituents. Tassan’s
algorithms were site-specific, and he determined that they would need to be tailored to
local variations by extensive collection of in situ data to adjust the numerical constants in
the predictive algorithms (Tassan, 1994). Since then, numerous studies have been
conducted incorporating Tassan’s algorithms, with the application of algorithm
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modifications specific to the study areas considered. Local variables that may differ in
study sites includes wind velocity, ocean currents, tidal variation, and the density of
suspended particles (Lahet et al., 2010). Research performed since Tassan’s study have
made changes to his algorithm based on the aforementioned variables specific to a study
area and all have had success in determining SPM concentrations from remotely sensed
imagery with differing ocean color satellite sensors such as SeaWiFS, SPOT, ASTER,
and MODIS (Aurin et al., 2013; Han et al., 2006; Pavelsky and Smith, 2009; Zhang et al.,
2010).
2.6

Coastal Geologic History
The Mississippi Sound, located in the northern Gulf of Mexico (Fig. 2.1), is a

lagoon that backs the chain of barrier islands: Cat, Ship, Horn, Petit Bois, and Dauphin,
from west to east (Otvos and Carter 2008). During a decrease in eustatic sea level
approximately 5,700 to 5,000 years ago, the Gulf of Mexico surrounded an older
Pleistocene beach ridge off the coast of present day Alabama (Otvos and Carter, 2008).
This area of higher ground formed the core of a large transgressive barrier island that
would become Dauphin Island. Sediments delivered to the island by the Mobile River
tidal delta were transported westward by net longshore currents resulting in an extension
of Dauphin island in that direction (Byrnes et al., 2013; Otvos and Carter, 2008).
Sediments not deposited in Dauphin Island were transported by prevailing currents
further westward where they accreted to shallow platforms off the coast of present day
Mississippi (Byrnes et al., 2013; Otvos and Carter, 2008). These deposits became a
laterally prograding barrier island system that extended to the present day boundary
between Mississippi and Louisiana and enclosed the Mississippi Sound (Byrnes et al.,
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2013). Approximately 3,500 years ago, the Mississippi River began flowing toward the
Mississippi Sound, which created a delta complex known as the St. Bernard delta (Byrnes
et al., 2013). Over the next 1,000 years, the St. Bernard complex extended east, creating
fluvial shoals as far east as Ship Island (Byrnes et al., 2013; Otvos, 1971). The dissipation
of dominant westward littoral drift due to changes in the dominant direction of wave
approach combined with the decrease in sand supply from the east ultimately led to the
erosion of the eastern end of Cat Island and subsequent deposition on the western end,
perpendicular to the original orientation of the island (Byrnes et al., 2013). In more recent
times, there has been sufficient sand deposition to prevent the islands from being
submerged by eustatic sea level rise, however, the reduced amounts of deposited sands
have made some of the islands vulnerable to splitting and erosion during tropical storm
events (Byrnes et al., 2013; Rucker and Snowden, 1989)

Figure 2.1

Northern Gulf of Mexico.
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2.7

Development of Bio-Optical Algorithms in Case-2 Waters
Given the optical complexity of Case-2 waters (containing sediments,

chlorophyll, and CDOM), bio-optical algorithms are often site-specific due to localized
variability in environmental conditions (Komick et al., 2009; Li et al., 2003). Varying
parameters include, but are not limited to, total SPM concentrations, organic to inorganic
material ratios, mineralogical properties of sediment, algal blooms, area and depth of the
water body, fluvial influence, and tidal and wave dynamics (Komick et al., 2009).
Additionally, remote sensing of these features involves choosing the proper sensor based
on the size of the study area and sampling frequency. For smaller water bodies, a sensor
with a higher spatial resolution would be necessary, whereas a lower spatial resolution is
sufficient for larger water bodies and the open ocean. A high temporal resolution is often
necessary in some regions of the world that have unpredictable weather. For example,
Landsat has a temporal resolution of 16 days (USGS), so the sole use of this sensor
would be risky in an area such as the Gulf of Mexico where cloud cover can
unpredictably arise. For this reason, a sensor with a more frequent temporal resolution, or
the implementation of more than one sensor, is the best method for regions of
unpredictable weather. For a study area not previously researched, algorithms created for
other locations may first be tested, but usually must be regionally tuned based on the
factors mentioned here.
2.8

Literature Review
Tassan (1994) developed the first empirical predictive models for determining

suspended sediment concentration (SSC), chl-a, and CDOM, in the Gulf of Naples
(Mediterranean Sea) by implementing the Sea-viewing Wide Field-of-view Sensor
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(SeaWiFS), which has a spatial resolution of 1100 m with 8 spectral bands. The study
used a three-component model and varied concentrations of SPM, chl-a, and CDOM to
match the minimum and maximum values typical for the area. By analyzing the separate
reflection and absorption spectra of each of the constituents, Tassan found that a bandratio model between the 490 nm 555 nm, and 670 nm bands yielded the best correlation
between band reflectance and SSC. Chl-a was best determined using another band-ratio
model with the 412 nm, 443 nm, 490 nm, and 555 nm bands. Additionally, CDOM was
found to be the most difficult to model, using the 412 nm, 443 nm, and 490 nm bands.
Although the concentration ranges differed, the lowest relative error values occurred with
the lower concentration ranges, where SSC yielded a relative error of 8%, chl-a a relative
error of 30%, and CDOM a relative error of 9% (n = 89). To conclude, Tassan noted that
these algorithms are site-specific; however, the equations may be adjusted to account for
local conditions elsewhere. Many studies (Avinash et al., 2012; Doxaran et al., 2002; Lee
et al., 2011; Siswanto et al., 2011; Sravanthi et al., 2013; Zhang et al., 2010) have
successfully adjusted Tassan’s algorithms to retrieve SSC, chl-a, and CDOM in
numerous coastal environments.
Avinash et al. (2012) developed an algorithm which could estimate seasonal
variations in SSC using the IRS-P4 (Oceansat-1) Ocean Colour Monitor (OCM) sensor in
the coastal waters of Karnataka, India. The IRS-P4 has a spatial resolution of 360 m with
eight spectral bands (Earth Observation Portal). Sixty samples collected throughout preand post-monsoon season in order to calibrate a model yielded SSC concentrations
ranging from 1.47 mg/L (pre) to 35.44 mg/L (post). Like multiple other studies (Han et
al., 2006; Sravanthi et al., 2013; Tassan, 1994; Zhang et al., 2010), Avinash et al. (2012)
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implemented reflectance data from the 490 nm, 555 nm, and 670 nm bands and initially
tested Tassan’s algorithm, which was found to need modification. The coefficients of
Tassan’s algorithm were initially modified to fit the local variations of the study area and
logarithmically transformed. Subsequently, validation was conducted via regression
modeling with additional data taken from the study area over the span of two years,
which resulted in a linear model with R2 = 0.97 (n = 60), and RMS error of 0.73 mg/L.
Sravanthi et al. (2013) performed a study to determine SSC from Oceansat-2
OCM data in the coastal waters of Kerala, India as well, during the fall and winters of
2010 and 2011. The Oceansat-2 sensor also has a spatial resolution of 360 m with eight
spectral bands (Earth Observation Portal). The intent of the authors was to validate the
algorithms created by Tassan (1994) or the algorithm modified by Avinash et al. (2012)
using the water samples and reflectance values from 32 sample sites. Reflectance (Rrs)
and water-leaving radiance (Lw) values were determined in situ by use of a hyperspectral
field radiometer from wavelengths 300 - 1200 nm, based on the assumption that the Rrs is
is a function of sediment and organic matter concentrations in the water column. Based
on previous studies, the 490 nm, 555 nm, and 620 nm bands were chosen for analysis and
SSC concentrations were found to range from 1 - 40 mg/L, which is comparable to the
results of similar studies. Initially, in situ SSCs were plotted against single-band
radiometer Rrs values, all of which showed no significant relationship. Next, band-ratios
were used in order to calibrate a model, yielding much better results. A linear regression
fit between a band-ratio and in situ SSCs was found with R2 = 0.842 (n = 28). Ultimately,
validation was attempted using the OCM satellite-derived Rrs values for the same sites,
yielding a relationship with R2 = 0.62 (n = 30). These results indicated that satellite20

derived reflectance values can be useful in monitoring the sediment dynamics in river
mouths and coastal waters of India.
Miller and McKee (2004) used the MODIS Terra sensor to estimate SPM
concentrations in coastal waters in the Northern Gulf of Mexico. MODIS was chosen due
to its high sampling frequency and no-cost images, along with the availability of
numerous software systems which can process the images efficiently. Miller and McKee
(2004) collected 52 samples over six research cruises from three different environments
in the Northern Gulf of Mexico: Lake Pontchartrain, the Mississippi River Delta, and the
Mississippi Sound. Lake Pontchartrain is a shallow estuary near New Orleans, LA, where
bottom resuspension of sediments is the primary cause for SPM, which is composed of
silt- and clay-sized particles. The Mississippi River delta SPM is dominated by inorganic
suspended sediments with a wide range of particle sizes. Lastly, the Mississippi Sound
SPM is comprised of silt- and clay-sized particles. Each of the three environments
contained differing amounts of OACs, including chlorophyll and CDOM. Band 1 of
MODIS Terra (620 – 670 nm) was implemented for the determination of SPM
concentrations, and a significant relationship (R2 = 0.89, n = 52) was found between
percent (%) reflectance and SPM.
Zhao et al. (2011) also used MODIS Aqua for the determination of total inorganic
suspended solids (ISS) in Mobile Bay, Alabama. Mobile Bay is a shallow estuary with an
average depth of 3 m, and a 13 m deep channel that extends into the Mississippi Sound
towards Dauphin Island. Sampling took place within the estuary, in the channel leading
to the Sound, and south of Dauphin Island. Total suspended solids (TSS) and ISS were
determined through the glass-fiber filter method (Guy and Norman, 1970) and compared
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to one another, yielding an R2 of 0.928. Atmospherically corrected images from MODIS
Aqua were used for the analysis and a determination of TSS, ISS, chl-a, and CDOM was
made using the red band at 645 nm with a spatial resolution of 250 m. With 63 in situ
data points, TSS was first calculated based on Rrs values with an R2 of 0.781. An
algorithm was then developed to specifically estimate ISS based on Rrs, where an
exponential expression yielded an R2 of 0.806 (n = 44) with a confidence interval of 95%.
Using this method, the authors monitored sediment transport in Mobile Bay over time in
order to determine sediment dynamics based on fluvial discharge from the Mobile River
and sediment resuspension induced by wind waves. In conclusion, Zhao et al. (2011)
were able to create a time series analysis of wind speed data in comparison with a
concentration map of ISS in Mobile Bay using the MODIS Aqua sensor.
Doxaran et al. (2002) utilized the Satellite Pour l'Observation de la Terre HighResoltuion Visible (SPOT-HRV) sensor to estimate SPM concentrations in the Gironde
Estuary of southwestern France. The SPOT-HRV has a high spatial resolution of 20 m
and three bands (XS1 = 500 - 590 nm, XS2 = 610 - 680 nm, XS3 = 790 - 890 nm) in the
visible and NIR regions of the electromagnetic spectrum (400 - 1000 nm) (Earth
Observation Portal). The purpose of this study was to develop a predictive model
between Rrs and in situ SPM concentrations in the Gironde estuary, where concentrations
range from 35 to over 2000 mg/L, and to use the results to map horizontal sediment
distributions in their study area. Initially, a field spectroradiometer was used to obtain
above-water radiance from 380 to 1100 nm and water samples were taken at 38 sites
during multiple dates over two summers. In order to create an effective empirical
relationship between the in situ data and atmospherically corrected SPOT data, the in situ
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SPM values were plotted against each of the three bands individually. The single band
models did not yield significant results, with the highest R2 being 0.74, so band-ratios
were applied to the in situ dataset next. A significant relationship was found between
XS1 and XS3 (R2 = 0.9306), however, the logarithmic relationship became saturated
when concentrations reached 500 mg/L and higher. Subsequently, a logarithmic
relationship was found between bands XS2 and XS3 (R2 = 0.9147, n = 38), with no
saturation at any concentration, and the ability to calculate SPM with relatively high
precision (+/- 35%).
Han et al. (2006) utilized the Chinese MODIS (CMODIS) sensor aboard the CZ-3
spacecraft for the determination of SPM concentrations in the Yangtze estuary of China.
CMODIS has a spatial resolution of 400 - 500 m with 34 spectral bands, making it
comparable to the MODIS Aqua sensor (International Ocean-Colour Coordinating
Group). Considering the size of the Yangtze estuary and the high variability of discharge
into it, localized SSCs can range from 80 mg/L up to 1000 mg/L, including sediments,
phytoplankton (chl-a), and CDOM, all which contribute to the Rrs. It was found that the
peak wavelengths for sediment were at 550 nm, but the peak shifted to 670 nm as
concentrations increased. For this reason, a band-ratio model was created using these two
bands, yielding an R2 = 0.9147 (n = 21). Additionally, the empirical equation was
validated with previous data collected throughout the estuary and was found to predict
the SSCs accurately.
Zhang et al. (2010) explored different methods of predictive algorithm generation,
following in the footsteps of Tassan (1994), Doxaran et al. (2002), and Han et al. (2006),
by attempting to develop retrieval algorithms based on the AOPs and the IOPs of the
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water for comparative purposes. He not only validated models based on concentrations,
but also considered absorption and backscattering properties. Zhang et al. (2010) sought
to retrieve SPM concentrations from MODIS imagery in the Yellow and East China Seas
based on in situ data collected during the spring and autumn of 2003. In situ
measurements included field radiometer reflectance values and water samples for AOP
analysis along absorption and backscattering data for IOP analysis. Field
spectroradiometer data was then converted to MODIS-like Rrs values by the bandequivalent calculation (Gordon, 1994) using relative spectral response (RSR) values. The
IOPs were analyzed and compared with the AOPs, where it was found that the accuracy
of the backscattering coefficients decreased dramatically when the SPM concentrations
were over 20 mg/L. For this reason, the in situ MODIS-like Rrs were used to create an
algorithm to retrieve SPM concentrations. First, models from Miller and McKee (2004),
Doxaran et al. (2002), Han et al. (2006), and Tassan (1994) were tested and yielded very
high relative errors (50 - 120%). The relationships between Rrs at 645 nm, 748 nm, and
869 nm were used not only to develop an algorithm to retrieve SPM concentrations using
a least-square fit method, but also to modify and improve an atmospheric correction. In
conclusion, Tassan’s (1994) algorithm was modified to retrieve SPM concentrations in
the Yellow and East China Seas with an error of ~33% (n = 76).
Siswanto et al. (2011) conducted a ten-year study to create a bio-optical algorithm
for the determination of SPM, chl-a, and CDOM, in the Yellow and East China Seas,
based on methods and algorithms developed previously by others (Tassan, 1994; Zhang,
et al., 2010), using a large in situ dataset and Rrs values from the SeaWiFS sensor. In situ
Rrs values were collected with a hyperspectral field radiometer from 380 to 865 nm and
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converted to SeaWiFS-like Rrs values in six bands (412, 443, 490, 510, 555, and 670 nm),
totaling 661 sites. SPM concentrations were determined at 1,107 sites gravimetrically
following a standard lab procedure given by Strickland and Parsons (1972), chl-a was
determined in situ at 3,410 sites by fluorometry, and absorption coefficients of CDOM
were determined at 520 sites by NASA protocol. For algorithm development purposes,
only datasets that contain the parameter of interest (SPM, chl-a, CDOM) and correlated
SeaWiFS Rrs values were used. First, Tassan’s algorithms were tested and tuned based on
regional variations. The regionally tuned algorithm for SPM yielded an RMSE of 0.232
(R2 = 0.92, n = 223), while Tassan’s tuned algorithm for chl-a gave an RMSE of 0.187
(R2 = 0.84, n = 434), and the tuned CDOM algorithm gave an RMSE of 0.186 (R2 = 0.82,
n = 247). Ultimately it was determined that the regionally tuned algorithms could be used
for future research in the Yellow and East China Seas, and elsewhere in the world, by
changing the coefficients of Tassan’s empirical algorithms for the determination of SPM,
chl-a, and CDOM.
Dogliotti et al. (2015) reported the development of a general algorithm to predict
turbidity in all coastal waters using IOPs and data from MODIS Aqua, radiative transfer
models and in situ data from the southern North Sea, French Guyana coastal waters, and
the Scheldt, Gironde and Rio de la Plata estuaries. Turbidity was determined “using the
90° side-scattering of light at 860 nm with respect to Formazin, a chemical standard as
defined by the International Standards Organization (Dogliotti et al., 2015) with the unit
of Formazin Nephelometric Unit (FNU). Radiative transfer models take into account
what occurs when solar radiation comes into the Earth’s atmosphere and the spectral
signatures of that radiation, and are thought to be useful in connecting in situ phenomena
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with satellite data (NASA). The goal of this study was to put aside questions concerning
whether previously developed algorithms need to be altered based on local variations, so
a single semi-empirical algorithm was developed using 250 m spatial resolution images
in the NIR band at 859 nm for very turbid waters, and the red band at 645 nm for
moderately turbid waters. Data from a hyperspectral field radiometer was applied to
MODIS RSR functions to determine at 645 nm and 859 nm at 106 in situ sample
locations across all field sites. It was determined previously that Rrs at 645 nm was
adequate for the determination of turbidity in less turbid waters, but radiative transfer
modeling was applied at the 859 nm band, assuming total absorption by water, therefore
considering negligible concentrations of chl-a and CDOM in the NIR region of the
electromagnetic spectrum. This allowed for the use of absorption and backscattering
coefficients of mineral particulate matter at a wide range of concentrations (0.1 – 1000
g/m3) in order to develop calibration coefficients for each band. Two final algorithms
were created using wavelength-dependent calibration coefficients and Rrs at 645 nm and
859 nm and validated by a new dataset, yielding an R2 of 0.97 (n = 106). It was
ultimately determined that if the relationship between turbidity and SPM concentrations
in a study area are known, that those concentrations should be able to be retrieved by
ocean color remote sensors.
2.9

Study Site
The Mississippi Sound (Fig. 2.2) is located in the northern Gulf of Mexico,

running west-east from Lake Borgne, Louisiana, to Mobile Bay, Alabama, and is
separated from the open Gulf of Mexico by a string of barrier islands (Moretzsohn et al.,
2015). Tidal seawater exchange occurs in the channels between each island, and the
26

Sound receives discharge from numerous fluvial systems. The Mississippi and
Atchafalaya River Basin alone covers 4.76 million km2 of the United States, draining
water from 31 states (EPA, 2015; USGS, 2011), discharging about 530 km3/yr of
freshwater into the Gulf of Mexico (Rong et al., 2014). The Mississippi Sound proper has
a drainage area of 69,700 km2 with a daily freshwater influx of ~1,235 m3/sec, and has an
average depth of 4 m with mean salinity of 24 PSU (Moretzsohn et al., 2015), lower than
the average marine salinity of 35 PSU. The Mobile Bay estuary also influences the
Mississippi Sound, draining an area of approximately 114,000 km2. Agricultural land use
accounts for 10% of the watershed associated with the Mississippi Sound (Fig. 2.3, Fig.
2.4), which causes increased loads of sediments, nutrients and animal waste in the
drainage systems that feed the study site (MDEQ, 2008).

Figure 2.2

Mississippi Sound.
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Figure 2.3

Mississippi Sound watershed.

This portion of the Mississippi Sound watershed has an area of approximately 69,700
km2 (Moretzsohn et al., 2015).

Figure 2.4

Mobile River watershed.

The watershed of the Mobile River has an area of approximately 114,000 km2 (Mobile
Bay National Estuary Program, 2016).
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The study site is located within the humid-temperate climate region where
summers are hot, on average 32°C, and the remainder of the year is quite mild with
temperatures rarely less than 15°C (Otvos, 2007). Average annual rainfall in the
Mississippi Sound is 154 cm with an average of 76 days with thunderstorms, which
contributes to increased coastal sediment runoff (Moncreiff, 2006). Wind-storm events
are common during the winter and spring, and 27 major tropical cyclones have impacted
the area since 1900 (NOAA, 2016; Zhao et al., 2011). Strong winds tend to mix the
stratified layers of the estuaries of the northern Gulf of Mexico, which may affect the
distribution and dynamics of the sediments within Mississippi Sound (Zhao et al., 2011).
2.10

Hypothesis and Objectives
Although other studies have successfully produced empirical predictive

algorithms to remotely estimate SPM concentrations in the estuaries of the Gulf of
Mexico and around the world, none have attempted to create a location-specific
algorithm of this nature for the Mississippi Sound. I hypothesize that an empirical
relationship does exist between in situ observed SPM concentrations and coincident
atmospherically corrected Rrs values collected by the MODIS sensor, for the Mississippi
Sound.
The objective of this research is to: 1) perform an analysis of remote sensing
techniques in the Mississippi Sound, to 2) validate the dataset presented in this research
with previously developed bio-optical algorithms, and lastly, to 3) correlate in situ SPM
concentrations within the Mississippi Sound with coincident observations of visible and
near infrared-band Rrs collected by MODIS in order to develop a site-specific empirical
predictive model for SPM concentrations. The validity of previous models will be
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quantified through the determination of RMSE and MAE between model predicted and in
situ observed SPM concentrations. Additionally, the coefficient of determination (R2)
will be used to quantify the skill of the developed site-specific empirical predictive model
for SPM.
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CHAPTER III
METHODS
3.1
3.1.1

In situ Measurements
Field Measurements
Sample locations were selected based on distance from land, proximity to rivers,

and distance from one another based on spatial resolution of MODIS Aqua. The
navigational channels in the Sound were also avoided during sampling. The sampling
sites were located from (west to east) north of Cat Island to north of Dauphin Island, from
the Biloxi River to the Mobile Bay estuary. Sites were positioned at least 1 km from the
shore and 1 km from the barrier islands to avoid additional reflectance from land, and
were positioned approximately 4 km from one another.
Surface water samples (upper 20 - 40 cm) were collected at a total of 17 locations
across the Mississippi Sound (Fig. 3.1) during the summer and fall of and 2015.
Sampling was conducted between the hours of 11:00 AM to 3:00 PM local time to
coincide with the 1:30 PM overpass of the MODIS satellite. The in situ water sampling
was conducted on cloud-free days to increase the probability of capturing an unobstructed
remote sensing images of the water surface. No local rainfall events occurred in the week
prior to each sampling cruise, and significant wave height was less than 0.3 meters during
each cruise to eliminate the possibility of substantial bottom sediment resuspension. At
every site, three liters of surface water were collected in clean Nalgene bottles and
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immediately chilled and held at ~ 1 - 5°C until lab analysis. Observations of Secchi depth
were also made at each site. Additionally, a calibrated Hanna multiparameter probe was
used to collect vertical profiles of water temperature, salinity, dissolved oxygen, and pH.
To prepare for clouds or haze, a GER 1500 hyperspectral field spectroradiometer was
used to obtain in situ reflectance at each site from 284 nm to 1096 nm. Finally, an EcoTriplet instrument was used to produce the profiles of optical backscattering at 470, 532,
and 650 nm, while a second Eco-Triplet was used to produce profiles of fluorescence for
chl-a, phycocyanin (PC), and phycoerithryn (Dash et al., 2015).

Figure 3.1

Study Sites.
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3.1.2

Spectroradiometer Reflectance Measurements
Raw field spectroradiometer data were processed following the methods

presented in Hu (2002). For any above-water instrument such as the GER 1500, three
measurements are needed to calculate Rrs: upward radiance, downward sky radiance, and
upward radiance from the standard Spectralon reflectance plaque (Fig. 4). The Rrs is then
calculated by:
Rrs = Lw / Ed = ρ (Lu – ρwLsky) / (Lplaque)

(Eq. 3.1)

where Lw is the water-leaving radiance, Ed is the above-water downwelling
irradiance, ⍴ is the reflectance of the Spectralon plaque (1.01 for this study), Lu is the
upward radiance, ⍴w is the surface Fresnel reflectance (0.02 for this study, standard for
moderate wind speeds and moderate solar viewing angles), Lsky is the downward sky
radiance, and Lplaque is used to determine the downwelling irradiance by multiplication to
λ. At each site, two sets of data were collected: one reference reading from the Spectralon
plaque, three readings from above the water, and one from the clear sky opposite the sun.

Figure 3.2

Steps in measuring in situ reflectance.

The three steps of measuring above-water reflectance involves collection of (a) the
upward radiance, (b) the downward sky radiance, and (c) the upward Spectralon radiance
(Hu, 2002).
Application of the equation above (Hu, 2002) yielded the average Rrs from 284 to
1096 nm at 1.84 nm intervals for 85 sites once outliers were removed. The spectral
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curves were analyzed between 400 and 900 nm (visible and NIR) and any values less
than zero were omitted. The average radiometer values were then applied to the relative
spectral response (RSR) functions for the MODIS sensor to obtain a weighted Rrs average
for each band at each site.
3.2
3.2.1

Lab Procedures
SPM Concentration Measurements
Water samples were filtered to determine SPM in mg/L by the glass-fiber filter

method (Guy and Norman, 1970) within 24 hours of sampling in order to minimize any
degradation of organic material within the sample. Whatman GF/F 47 mm-diameter glass
microfiber filters with pore size of 0.7 µm were selected to ensure the capture of any
suspended solids, then combusted in aluminum foil at 500°C for one hour to ensure that
any matter such as dust that may have contaminated the filters was eliminated. This was
done with enough filters for duplicates and two controls. The filters were then washed in
200 mL of deionized (DI) water and placed within a 43 mm-diameter VWR International
Aluminum Dish, and subsequently dried at 105°C for one hour to ensure the filters were
clean and dry. Filters were weighed to four significant digits before being used to filter
particulates from the water samples for taring purposes. Samples of 200 mL were
prefiltered through the tared filters using a vacuum pump system of a 1.2 L capacity at
decreased pressure to avoid the rupture of fragile organisms, which may result in the loss
of cell content. The microfiber filter was subsequently dried again at 105°C for one hour,
and finally weighed to yield the total concentration of SPM in mg/L. The samples were
then wrapped in foil and combusted once again at 500°C for one hour in order to fully
volatilize organic material, and ultimately weighed to determine SPIM concentration.
34

SPOM was calculated by subtracting SPIM concentrations from total SPM
concentrations.
3.3
3.3.1

Satellite Data Processing
Image Processing and SeaDAS Rrs Retrieval
MODIS Aqua Level 1A images of the study area, which correspond as closely as

possible in time to the in situ sampling, were downloaded from the NASA Distributed
Active Archive Center (DAAC). Level 1A images come in Hierarchical Data Format
(HDF), which stores multi-type datasets (NEODASS). Because most software systems
have trouble reading the complex Level 1A file, it must be processed using the SeaWiFS
Data Analysis System (SeaDAS 6.4) into Level 1B HDF format, which is radiometrically
calibrated with geolocation data and also contains ancillary data such as sensor and solar
angles and sensor position for each 1 km pixel (NEODASS). To avoid land surface
reflection, pixels at least 1 km from shore were selected for analysis. The images were
processed from a Level 1B to Level 2, which gives geospatial values such as latitude and
longitude and reflectance values to be extracted. The standard iterative atmospheric
correction used by SeaDAS was applied to the images, which is the radiance received by
the remote sensor at the top of the atmosphere (TOA) (Dash et al., 2012). The SeaDAS
correction considers water-leaving radiance (Lw) to be negligible in the NIR, so if a pixel
value in the NIR is above zero, this correction attempts to calculate the type and amount
of particles within the pixel (Dash et al., 2012). The correction was considered successful
if no pixels are masked in the final image. If it was unsuccessful, the pixels will be
masked, or black, and therefore unusable as no data may be extracted. In the case of a
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successful atmospheric correction, the Rrs values were extracted, where Rrs is calculated
as given in Gokul et al. (2014):
Rrs (0+ λ) = Lw(λ) / Ed(0+ λ)

(Eq. 3.2)

where Rrs (0+ λ) is an AOP in units of steradians-1 (sr-1) at a given wavelength (λ), Lw(λ)
is the water-leaving radiance in W m-2 nm-1 sr-1 at a given wavelength, and Ed(0+ λ) is the
downwelling irradiance in W m-2 nm-1 at a given wavelength (as outlined in Hu, 2002).
Rrs is a ratio of radiance that accounts for light leaving the water surface in a specific
direction (Lw) to the light incident on the surface of the water (Ed) (Gokul et al., 2014).
When a field or satellite radiometer is pointing the opposite direction, these
measurements can be detected and data from 400 - 900 nm may be very useful for
processes occurring in surface waters (Gokul et al., 2014).
In case of the standard atmospheric correction implemented by SeaDAS
functioning successfully, Rrs values were extracted at the following wavelengths at a 1
km spatial resolution: 412, 443, 488, 531, 555, 667, 748, and 869 nm. True color and chla images were produced for visualization purposes.
3.3.2

SPM Concentration Retrieval Procedures
For each algorithm that was tested or developed, a series of statistical tests were

conducted and results were analyzed to determine the validity of the algorithm. These
included the correlation coefficient (R), R2, adjusted R2, F-statistic, and p-values. R, also
known as the Pearson product moment correlation coefficient, measures the strength and
direction of the linear relationship between dependent and independent variables
(EuMetCal, 2015). A strong relationship would be given by a value of >0.8, where any
value <0.5 would be considered weak (Mathbits, 2016). R2 is used to determine to what
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degree the independent variables predict the dependent variable. The most significant R2
value would be 1.0, meaning that all of the variability within the dataset could be
accounted for by the algorithm. The difference between the R2 and adjusted R2 was also
analyzed to account for the number of predictors. If there is a large difference between
the two values, the number of independent variables may need to be reduced. In addition,
an analysis of variance (ANOVA) was run to confirm the validity of the model. If the pvalue was less than 0.05, the regression model was considered a good fit for the data and
considered significant. Each individual independent variable also had a t-test and p-value,
which was analyzed to determine which bands added statistical significance to the
prediction. RMSE was also calculated to determine the validity of each algorithm to the
dataset. In the case of a newly developed algorithm, MAE was also used as a statistical
test. RMSE was selected to measure the average magnitude of the error, where it is
calculated by squaring the difference and averaging the residual, followed by taking the
square root of that average. Because the residual was squared, the RMSE gives a larger
weight to higher errors. Considering that large errors were unwanted, RMSE was selected
as the most important statistical tool for this dataset. However, MAE was calculated by
averaging the absolute value of the residual. This gave a measure of the accuracy for
continuous variables where all individual differences are weighted equally. RMSE is
always larger than MAE, but the closer the values, the lower the variance in the
individual errors (EU Metcal, 2015). In addition to this, RMSE is considered a better test
when there is a normal distribution in the data. RMSE was calculated in mg/L and as a
per cent (to remove the effect of magnitude) by:
RMSE (mg/L) = √[average (predicted – observed)2]
37

(Eq. 3.3)

RMSE (%) =

𝑅𝑀𝑆𝐸 (

𝑚𝑔
)
𝐿

𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 𝑚𝑎𝑥𝑖𝑚𝑢𝑚−𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 𝑚𝑖𝑛𝑖𝑚𝑢𝑚

* 100.

(Eq. 3.4)

MAE was calculated as given in Dash et al. (2011):
MAE (mg/L) =
MAE (%) =

1
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,

∑𝑛
𝑖=1 |𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑−𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑|

𝑛 (𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 𝑚𝑎𝑥𝑖𝑚𝑢𝑚−𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 𝑚𝑖𝑛𝑖𝑚𝑢𝑚)

(Eq. 3.5)
∗ 100.

(Eq. 3.6)

First, a set of previously developed algorithms, which can be seen in Table 3.1,
were considered to determine their applicability to Mississippi Sound. In this case, both
the independent variable (Rrs values) and the regression model was tested with the
satellite Rrs and in situ SPM/SPIM concentrations. Each of the statistics discussed earlier
were analyzed, and if none of the models showed to significantly predict SPM or SPIM
concentrations, then the coefficients of those algorithms were then modified. This was
done by keeping the independent variable the same (Rrs values), but a new regression was
run to yield a different intercept and slope. Because the independent variable remained
constant, p-values, t-test, and F-statistic remained the same, while the R2, RMSE, and
MAE differed.
Next, if the above results were unsuccessful, a new algorithm was created. This
was done by randomly selecting 75% of the sites to run a multiple regression to
determine an R2 value, which was the calibration step. The given regression equation was
then validated with the remaining 25% of the data, where RMSE and MAE were
evaluated to determine the validity of the established model.
Finally, a multiple regression was run in SPSS software, including Rrs values in
all bands as the independent variables and SPM or SPIM as the dependent variable.
Statistically unusable data was removed if any band was found to have collinearity with
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another band, in other words if there was a strong correlation between two bands, while it
created a model for the remaining data. The histogram was analyzed to determine
whether the distribution was Gaussian (normal) and accordingly, to determine whether to
apply RMSE or MAE. Additionally, the calculated SPM and SPIM concentrations were
plotted against the in situ concentrations with a 1:1 ratio line.
Table 3.1

3.4

Existing models.

Development of SPM and SPIM Concentration Maps
SeaDAS 7.1.3 was used to develop SPM and SPIM concentration maps based on

the models developed in this study. The function “band math” was used on the Level 2
images by plugging in the formula with Rrs values from each cloud-free day to yield a
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final concentration map. These maps were then compared to the true color images to
visually validate the algorithms.
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CHAPTER IV
RESULTS
4.1
4.1.1

In Situ Measurements
Field Measurements
Data collected by the Hanna multiparameter probe included temperature, pH, DO,

and salinity of the entire water column at 51 sites over the three field cruises (Fig. 3.1).
On the July 10, 2015 trip, the average temperature profile remained relatively constant
over 17 sites, ranging only from 29.47°C to 30.90°C. pH ranged from 8.65 to 9.27, while
DO levels ranged from 2.00 to 3.02 parts per million (ppm). Salinity was the most
variable parameter, ranging from 16.36 to 28.07 PSU (Fig. 4.1). While temperature, pH,
and DO tended to vary very little across the study area, the salinity profiles for this date
were lower in the western and easternmost sites, increased salinities were seen in the
central sites (6 - 10). Data collected on August 31, 2015 show temperatures ranging from
28.16°C to 30.07°C, pH ranging from 8.30 to 9.14, and DO ranging from 1.31 to 1.61
ppm. Salinity was found to fluctuate from 24.16 to 31.77 PSU (Fig. 4.2), which was a
smaller range than seen on July 10, 2015. The data from October 8, 2015 showed a
slightly lower temperature range from 23.55°C to 24.71°C, a pH range from 8.52 to 9.55,
and a DO range from 1.79 to 2.83 ppm. Salinity values fluctuated more from site to site
than from previous days, ranging from 20.99 to 32.01 PSU (Fig. 4.3).
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Figure 4.1

Temperature, pH, DO, and salinity measurements taken on July 10, 2015.

Figure 4.2

Temperature, pH, DO, and salinity measurements taken on August 31,
2015.
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Figure 4.3

Temperature, pH, DO, and salinity measurements taken on October 8,
2015.

Water depth was measured at each sample location by an echosounder on the
research vessel. Additionally, optical water depth measured with a Secchi disk was
recorded at each location. The two variables were plotted together as seen in Figures 4.4,
4.5, and 4.6. On the July 10, 2015 trip, the water depth ranged from 2.9 to 5.7 m while
the optical depth ranged from 0.8 to 3.5 m (Fig. 4.4). On the August 31, 2015 trip, water
depth ranged from 2.9 to 5.8 m, while optical depth only ranged from 0.7 to 1.4 m (Fig.
4.5). On the October 8, 2015 trip, water depth ranged from 2.9 m to 6.0 m, and optical
depth ranged from 1.2 to >5 m (Fig. 4.6).
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Figure 4.4

Water depth and optical depth on July 10, 2015.

Water depth was measured by an echosounder on the research vessel, while optical depth
was measured by a Secchi disk.

Figure 4.5

Water depth and optical depth on August 31, 2015.
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Figure 4.6

4.1.2

Water depth and optical depth on October 8, 2015.

Spectroradiometer Reflectance Values
Hyperspectral Rrs values were converted to multispectral MODIS-like values and

the weighted average of those values for each band was found at 412, 443, 488, 531, 547,
667, 748, and 869 nm, during the summer and fall 2015 (n = 51), along with data from a
previous study (n = 35). Outliers were determined during preprocessing by analysis of the
spectral curves and removal of curves which did not match the standard for turbid ocean
waters, so the only data that was removed occurred when the Rrs values were negative in
bands between 400 and 900 nm. The Rrs values can be seen in Figures 4.7 – 4.9 for each
day. These data showed increasing values until they peak at 547 nm, then slowly decrease
as wavelength increases.
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Figure 4.7

Radiometer data collected in situ on July 10, 2015.

Figure 4.8

Radiometer data collected in situ on August 31, 2015.
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Figure 4.9

4.2
4.2.1

Radiometer data collected in situ on October 8, 2015.

Lab Results
SPM Concentration Measurement
SPM, SPIM, and SPOM were found at 51 sites over three field cruises during the

summer and fall of 2015, which coincided with field and satellite Rrs data, and can be
seen in Figures 4.10 – 4.18. Note that while only 51 sites are presented here, a total of 95
sites were available for the modeling process. Total SPM concentrations ranged from
15.25 to 113.5 mg/L, while SPIM concentrations ranged from 1.88 to 24.0 mg/L, and
SPOM ranged from 12.5 to 89.5 mg/L. On average, SPIM constituted ~20% of the total
SPM, while SPOM accounted for the other ~80%. The study sites in closest proximity to
the coast, near Grand Bay and between the Biloxi and Pascagoula River mouths (July 10,
2015), exhibited the lowest SPM, SPIM, and SPOM concentrations, with SPIM
accounting for only ~10 - 15% of total sample (Figs. 4.10 – 4.12). SPM concentrations
from August 31, 2015 can be seen in Figures 4.13 – 4.15, where the highest
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concentrations can be seen south of the Pascagoula River and westward, while the lowest
concentrations are seen at the western- and eastern-most sites. Subsequently, the highest
concentrations of SPM, SPIM, and SPOM occurred on the October 8, 2015 trip in close
proximity to the mouth of the Biloxi River and sites directly westward of Mobile Bay,
along with sites closest to the coast (Figs. 4.16 – 4.18).

Figure 4.10

SPM, SPIM, and SPOM concentrations on July 10, 2015.
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Figure 4.11

Spatial variability of SPM concentrations on July 10, 2015.

Figure 4.12

Spatial variability of SPIM concentrations on July 10, 2015.
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Figure 4.13

SPM, SPIM, and SPOM concentrations on August 31, 2015.

Figure 4.14

Spatial variability of SPM concentrations on August 31, 2015.
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Figure 4.15

Spatial variability of SPIM concentrations on August 31, 2015.

Figure 4.16

SPM, SPIM, and SPOM concentrations on October 8, 2015.
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Figure 4.17

Spatial variability of SPM concentrations on October 8, 2015.

Figure 4.18

Spatial variability of SPIM concentrations on October 8, 2015.
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The relationships that exist between SPIM and SPM can be seen in Figures 4.19 –
4.21 for the summer and fall 2015 trips. The R2 values for the relationship between SPIM
and SPM are as low as 0.0478 (n = 17, July 10, 2015) and as high as 0.9052 (n = 17,
August 31, 2015). When SPIM values were plotted against SPM values for all sites (Fig.
4.22), there was a somewhat significant (linear) relationship, where R2 = 0.6303 (n = 95).

Figure 4.19

Relationship between SPIM and SPM concentrations on July 10, 2015.
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Figure 4.20

Relationship between SPIM and SPM concentrations on August 31, 2015.

Figure 4.21

Relationship between SPIM and SPM concentrations on October 8, 2015.
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Figure 4.22

4.3
4.3.1

Relationship between SPIM and SPM concentrations.

Satellite Data Processing
Image Processing and SeaDAS Rrs Retrieval
Level 2 MODIS images were processed in SeaDAS 6.4 to create true color

images of the study area on three of the field days. Images from the other days were not
cloud-free and therefore could not be used to estimate SPM concentrations. The SeaDAS
standard atmospheric correction, which uses an NIR iterative method for correcting for
atmospheric effects (Gordon and Wang, 1994), was assessed by the creation of chl-a
images. If no pixels were masked (appeared black), no further atmospheric correction
processing was necessary and the image was used for data extraction. The MODIS true
color images and corresponding chl-a images can be seen in Figures 4.23 – 4.28.
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Figure 4.23

True color MODIS Aqua image of the Mississippi Sound, October 18,
2012.

Figure 4.24

Chl-a image, October 18, 2012.

This image corresponds to the true color image in Fig. 4.23. Black areas represent land or
pixels which were masked due to an insufficient atmospheric correction. Red grid
represents latitude in degree north and longitude in degree west. Resolution: 1 km.
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Figure 4.25

True color MODIS Aqua image of the Mississippi Sound, August 31, 2015.

Figure 4.26

Chl-a image, August 31, 2015.

This image corresponds to the true color image in Fig. 4.25. Black areas represent land or
pixels which were masked due to an insufficient atmospheric correction. Red grid
represents latitude in degree north and longitude in degree west. Resolution: 1 km.
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Figure 4.27

True color MODIS Aqua image of the Mississippi Sound, October 8, 2015.

Figure 4.28

Chl-a image, October 8, 2015.

This image corresponds to the true color image in Fig. 4.27. Black areas represent land or
pixels which were masked due to an insufficient atmospheric correction. Red grid
represents latitude in degree north and longitude in degree west. Resolution: 1 km.
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The results of the atmospheric correction were used for retrieval of the data.
Values of Rrs at 412, 443, 488, 531, 547, 667, 748, and 869 nm were extracted at each of
the study sites for the three cloud free days, two of which can be seen in Figures 4.29 –
4.31. The spectral curves matched that of the field spectroradiometer readings from the
same days, with the reflectance increasing until peak at 547 nm and decreasing with
increasing wavelength. The comparison of the Rrs values from the field radiometer and
the satellite data which overlap can be seen in Appendix A. There were 43 sites where
both sets of data could be analyzed and compared. The lowest uncertainty was at 869 nm,
with an RMSE of 14.79%, and the highest uncertainty between datasets was at 412 nm,
with an RMSE of 26.47% (Table 4.1).

Figure 4.29

MODIS-derived Rrs retrieved on August 31, 2015.

Graph represents 17 sites from this day.
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Figure 4.30

MODIS-derived Rrs retrieved on October 8, 2015.

Graph represents 17 sites from this day.
Table 4.1

Uncertainties between field radiometer and MODIS-derived Rrs.

Band

RMSE (sr -1)

RMSE (%)

412

0.004283171

26.47188749

443

0.003771277

22.88128278

488

0.004059966

22.59860616

531

0.00435523

23.25271384

547

0.004577531

23.67154788

667

0.003425791

20.56028358

748

0.001887288

14.01755912

869

0.001835514

14.78532942
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4.3.2

SPM Retrieval Algorithms
The Rrs values calculated from the field radiometer were used in the validation of

algorithms developed previously and in a newly developed model since it had already
been determined that those values closely matched those from SeaDAS (Appendix A),
and the dataset was larger. With the initial analysis, the models were evaluated exactly as
they exist in the literature to predict SPM and SPIM, and the RMSE was calculated as a
percent and a concentration as a basis for determining the validity of an algorithm for this
dataset, as seen in Tables 4.2 (SPM) and 4.3 (SPIM). In addition to RMSE, R, t-statistic,
p-values, F-statistic, and significance F were all analyzed to determine if the algorithms
were statistically significant. None of the models yielded an R of >0.3, and while a select
few of the algorithms yielded low p-values (< 0.05), none of the models were a good fit
for predicting SPM, with the lowest RMSE for SPM being 51.21% (p = 0.01) given by
Knaeps et al. (2010). One algorithm developed by Han et al. (2006) yielded an RMSE of
23.71% (p = 0.81) for SPIM, but every other tested algorithm gave RMSE values above
30% (Tables 4.2 and 4.3).
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Table 4.2

Statistics of the validation of existing algorithms for SPM.
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Table 4.3

Statistics of the validation of existing algorithms for SPIM.

The next step involved keeping the independent variables the same as the step
above, but running a multiple regression so that the coefficients of the model were
modified in order to be a better fit for the dataset. The RMSE values for the modified
algorithms can be seen in Table 4.4. In this step, the independent variable remained the
same as in the literature, only the coefficients differed. The algorithm developed by
Knaeps et al. (2010) yielded the lowest RMSE at 20.87% (20.51 mg/L) for SPM, while
Zhang et al. (2010) gave the lowest RMSE at 18.49% (4.09 mg/L) for SPIM. It can be
seen in Table 4.4 that every modified algorithm gave RMSE values around 21% (~20
mg/L) for SPM and 19% (~4 mg/L) for SPIM. The R, t-test, p-value, and F-statistic
remained the same as for the original models since the independent variables (x-values)
remained the same (Tables 4.2 and 4.3).
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Table 4.4

Statistics of the validation of modified algorithms for SPM and SPIM.

Next, single band and common band-ratios were also analyzed for the
determination of a better algorithm. Calibrations of the algorithms were done using 50
sites but none showed a statistically significant relationship (Table 4.5). The R2 values
did not exceed 0.25 for the prediction of SPM or SPIM. The remaining 35 sites were used
to validate the given algorithms, where the RMSE values ranged from 19% - 53% (4.08
mg/L – 41.31 mg/L). The most successful band ratio, or the ratio with the lowest error
and highest R2, was given as:
SPM or SPIM (mg/L) = Rrs(547) / Rrs(667),

(Eq. 4.1)

which yielded an R2 of 0.25 and RMSE of 21.30% (20.58 mg/L, p = 0.34) for SPM
concentrations and 19.57% (4.08 mg/L, p = 0.02) for SPIM concentrations.
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Table 4.5

Statistics of single-band and band-ratio combinations.

Lastly, a least squares multiple regression was run in SPSS, which eliminated the
443 nm band due to high collinearity with other bands which were unspecified, and
yielded a maximum R of 0.701 and R2 of 0.491 (n = 85) for SPM (Fig. 4.6). The adjusted
R2 was 0.445, which did not differ much from the R2 value. This led to the conclusion
that the number of independent variables did not need to be decreased for this analysis.
The ANOVA showed a significance (p-value) of 0.000, which is <0.05, meaning that the
regression model given was a good fit for the data. The given model (Table 4.7) for SPM
used the remaining seven bands and is as follows:
Predicted SPM (mg/L) = [4911.123*Rrs(412)] + [-23050.554*Rrs(488)] +
[25103.017*Rrs(531)] + [-4383.296*Rrs(547)] +
[-10493.312*Rrs(667)] +[3327.331*Rrs(748)] +
[5313.003*Rrs(869)] + 51.755,
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(Eq. 4.2)

which was computed with the dataset, yielding an RMSE of 15.53% (15.25 mg/L) on a
98.25 mg/L SPM range. The MAE was calculated as 12.06% (11.85 mg/L). Considering
the slight difference between RMSE and MAE, the variance in the error was low. Pvalues were noted for each of the independent variables, where it was determined that the
Rrs values at 412, 488, 531, and 667 nm added statistical significance to the prediction (p
< 0.05), where Rrs at 547, 748, and 869 nm did not add statistically to the prediction (p >
0.05).
Table 4.6

Statistics for SPM retrieval algorithm.

R

R2

Adjusted R2

Significance (p-value)

0.701

0.491

0.445

0.000

Table 4.7

Model summary for SPM retrieval algorithm.

Band

Significance (p-value)

Rrs412

0.022

Rrs488

0.000

Rrs531

0.009

Rrs547

0.511

Rrs667

0.000

Rrs748

0.737

Rrs869

0.527

A least squares multiple regression was also run to determine a relationship
between SPIM and Rrs, which also eliminated the 443 nm band due to high collinearity
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with another band. The R value was 0.634 and R2 given as 0.402 (n = 86) (Table 4.8).
The adjusted R2 was 0.347, not a large difference from the original R2, concluding once
again that the number of independent variables did not need to be decreased. The
ANOVA showed a significance less than 0.05, meaning that the regression model given
was a good fit for the data. Subsequently, the following model was given for SPIM
(Table 4.9):
Predicted SPIM (mg/L) = [1179.667*Rrs(412)] + [-4769.724*Rrs(488)] +
[2439.283*Rrs(531)] + [690.425*Rrs(547)] +
[-1042.926*Rrs(667)] + [2978.342*Rrs(748)] +
[-1496.332*Rrs(869)] + 12.12

(Eq. 4.3)

which yielded an RMSE of 14.99% (3.32 mg/L) for a 22.13 mg/L SPIM range. The MAE
was calculated as 12.12% (2.68 mg/L), which was close to the calculated RMSE,
meaning that the variance in the error for the algorithm was low. Additionally, p-values
showed that the Rrs at 412, 488, and 667 nm added statistical significance to the
prediction (p < 0.05), where the Rrs at 531, 547, 748, and 869 nm did not add statistically
to the prediction (p > 0.05).
Table 4.8

Statistics for SPIM retrieval algorithm.

R

R2

Adjusted R2

Significance (p-value)

0.634

0.402

0.347

0.000
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Table 4.9

Model summary for SPIM retrieval algorithm

Band

Significance (p-value)

Rrs412

0.012

Rrs488

0.000

Rrs531

0.237

Rrs547

0.634

Rrs667

0.023

Rrs748

0.169

Rrs869

0.413

The histogram plots for both SPM and SPIM can be seen in Figures 4.31 and
4.32. Both showed a Gaussian distribution, therefore RMSE is considered a better fit for
the validity of the algorithm. The plot for predicted SPM and SPIM concentrations versus
in situ SPM and SPIM concentrations can be seen in Figures 4.33 and 4.34.

Figure 4.31

Histogram plot from SPM regression.
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Figure 4.32

Histogram plot from SPM regression.

Figure 4.33

Predicted SPM based on the developed model.

Based on Eq. 4.2. Solid line represents 1:1 line, dotted line represents the linear trend. N
= 86.
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Figure 4.34

Predicted SPIM based on developed model.

Based on Eq. 4.3. Solid line represents 1:1 line, dotted line represents the linear trend. N
= 86.
4.4

SPM and SPIM Concentration Maps
The maps presented in this section were created using SeaDAS 7.1.3, and reflect

SPM and SPIM concentrations based on the formulas in Equations 4.2 and 4.3, and can
be seen in Figures 4.35 – 4.40.
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Figure 4.35

SPM concentration map, October 8, 2012.

Figure 4.36

SPIM concentration map, October 18, 2012.

Note that this map corresponds to the map in Fig. 4.36.
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Figure 4.37

SPM concentration map, August 31, 2015.

Figure 4.38

SPIM concentration map, August 31, 2015

72

Figure 4.39

SPM concentration map, October 8, 2015.

Figure 4.40

SPIM concentration map, October 8, 2015.
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CHAPTER V
DISCUSSION
5.1
5.1.1

In Situ Measurements
Field Measurements
Figures 4.1 – 4.3 show that the measured hydrological parameters (DO, pH,

temperature) were generally consistent from west to east in the Mississippi Sound for
samples collected on July 10, August 31, and October 8, 2015. As expected, water
temperatures were warmest (~30°C) in July 2015, slightly cooler (~29°C) in August
2015, and coolest (~24°C) in October 2015. The pH of global marine waters has been
shown to be generally constant at 8.0 (+/- 0.5) (Hinga, 2002), but is known to show the
greatest variability in estuaries or other semi-enclosed bodies of water (Howland et al.,
2000; Millero, 1986). There was no obvious pattern in the vertical variability in pH in the
relatively shallow water column at each site and there seems to be little spatial variability
across the Mississippi Sound on the three sampling dates, with a range only from 8.3 to
9.55 and an average of 8.93. This is slightly more basic than what is generally accepted
for normal marine waters, but fluctuations are common in complex waters such as the
Mississippi Sound. Ocean acidification is a growing global concern, however, the
observed coastal waters exhibited slight basicity which could be attributed to agricultural
nutrients such as nitrogen (N) and phosphorus (P) initially being expelled from the
watershed as non-point source pollution, which leads the water to be more basic at first.
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The process of nutrient loading is also known as eutrophication, and the long term
product of eutrophication is typically acidification (Ramesh et al., 2013), which occurs
when nutrient enrichment leads to HABs or other excess organic material production,
which eventually degrades, where oxygen (O2) is consumed and carbon dioxide (CO2) is
produced through microbial respiration. This release of CO2 joins the CO2 from the
atmosphere to slowly acidify coastal waters (Ramesh et al., 2013). According to the
MDEQ, the pH of Mississippi Sound waters typically ranges from 6.0 - 9.0, +/- 1.0
(MDEQ, 2007). Concentrations of DO also exhibit very little spatio-temporal variability,
with a minimum of 1.31 ppm (1 ppm = 1 mg/L) and a maximum of 3.02 ppm, with an
average of 2.13 ppm. According to the MDEQ (2007), DO concentrations of less than 5.0
mg/L are acceptable. There is an expected increase in DO from surface water to depth,
but the values never exceed 5.0 mg/L. Additionally, average salinity has a wide spatial
variation from west to east each day. According to Moretzsohn et al. (2016), the average
salinity in the Mississippi Sound is 24 PSU, which is only slightly lower than the average
of all sample collected for this study, at 26.77 PSU (n = 51). On July 10, 2015, salinity
exhibited an overall increase from the westernmost site to a peak at site 7 (28.07 PSU)
(Fig. 3.1), followed by an overall decrease to the easternmost site, with a total range of
~12 PSU. On August 31, 2015, there was a slight increase in salinity of ~ 2 PSU from
west to east until site 9, followed by fluctuating salinities with an overall decrease to the
easternmost sites. The range from that day was smaller than from July 10, 2015, with a
variability of ~7 PSU. Furthermore, the salinity fluctuated from site to site on October 8,
2015, with a total variability of ~12 PSU and an overall decrease moving west to east.
Considering normal marine salinity is ~35 PSU, the spatial variability is most likely
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associated with the influence of the Biloxi and Pascagoula Rivers bringing fresh water
into the Sound. The Mississippi and Atchafalaya Rivers also bring fresh water in from the
western portion of the Sound, while the Mobile River brings in fresh water from the
easternmost portion of the Sound. Although these rivers have some distance from the
study sites, tides, currents, and meteorological events may influence the spatial variability
of salinity concentrations. The Mississippi Sound barrier islands also retain discharged
freshwater within the Sound to some degree, although manmade navigational channels
counteract this containment. Vinogradov et al. (2004) collected hundreds of water
samples in one year (1999) from within the Mississippi Sound to characterize pH and
temperature variability, and found that due to diurnal tidal exchange, both temperature
and salinity are subject to substantial fluctuations in over relatively short time periods
(<15 h). Because the sampling for this research only spanned ~6 hours over three days,
additional data would be necessary to verify the consistency or lack thereof of these
parameters in the Mississippi Sound. The presented data falls within acceptable or normal
ranges for temperature, pH, DO, and salinity according to the MDEQ and other studies
international studied conduced in coastal waters similar to the Mississippi Sound.
5.1.2

Spectroradiometer Reflectance Values
The reflectance spectra of 86 sites can be seen in Figure 5.1. The curves match

that of a standard reflectance curve for turbid coastal waters (Figure 5.2), peaking in the
green portion of the electromagnetic spectrum (500 - 600 nm) at 547 nm (MODIS Aqua
band 12), with very small changes in magnitude from site to site. The Rrs values are
mostly low (<0.02 sr-1), although ~15 sites have peak reflectance values above 0.02. The
variations in reflectance appear to be most sensitive to changes in SPM concentrations
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between 450 and 700 nm, while sensitivity to changes in SPM concentrations appear to
decrease towards the NIR portion of the spectrum (700 - 1000 nm) where water absorbs
nearly all of the energy. Maximum Rrs values occur at 547 nm with 0.08 sr-1, and a
minimum of 0.0001 sr-1 at 869 nm. Negative values occurred at three sites and were
eliminated from the final analysis, but no positive values were removed. Reflectance
typically increases with increased SPM concentration (>200 mg/L), especially in the NIR
and SWIR (Knaeps et al., 2015). Considering that a majority of the SPM concentrations
were below 100 mg/L for this study, it was expected that reflectance would be most
sensitive in the visible portion of the EMS.

Figure 5.1

Reflectance spectra obtained in situ.

Rrs for 86 sites.
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Figure 5.2

Standard reflectance spectra for clear and turbid waters.

Source: (Loisel et al., 2013)
5.2
5.2.1

Lab Procedures
SPM Concentrations
SPM here consists of all particulate material: the mineral, or inorganic portion

(SPIM), and the organic portion (SPOM). It is a very widely studied environmental
parameter due to its direct relationship to water quality (Dash et al., 2015). Of all 97 in
situ SPM concentrations, only four exceed 100 mg/L. Three of those four occurred on
August 28, 2015, while the other occurred on October 8, 2015. The lowest value for total
SPM occurred on October 18, 2012, and it was on that day that the lowest maximum
value occurred as well. The highest concentrations of SPM occurred at site 1, 6, 9, and
12. Sites 1 and 6 fall directly south of the mouth of the Biloxi and Pascagoula Rivers,
respectively (Fig. 3.1). In addition, site 1 may also be influenced by the Tchoutacabouffa
River, and even farther west, the Mississippi, Atchafalaya, and Pearl Rivers. The
Mississippi River has such an extreme discharge that these study sites may be influenced
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depending on hydrodynamic conditions at the time of sampling. Sites 9 and 12 are in
close proximity to one another, south of Grand Bay and west of Mobile Bay. Although
there was previously river discharge in this area from the Escatawpa River, there is no
longer fresh water discharge in this portion of the study area since the capture of the
Escatawpa River by the Pascagoula River (Otvos and Carter, 2008), so if currents are not
strong on a given day it is possible that a buildup of suspended particulates could occur or
conversely, suspended particles may slowly settle, leading to decreased SPM
concentrations. Variable SPM concentrations could also be attributed to the strong
currents that occur in tidal passes between the barrier islands, which vary from 0.49 to 1.0
m/sec on flood tides, and 1.79 to 3.51 m/sec on ebb tides (Byrnes et al., 2012). The sites
protected from the barrier islands often show lower concentrations of SPM, but may still
vary due to currents, river discharge, and the change of tides. The strength of currents
alone may be doubled if there has been a major meteorological event such as a hurricane,
or the passage of a cold front (Byrnes et al., 2012). The Pascagoula River alone has an
average discharge of 362 m3/sec, but may increase to 3,000 m3/sec during floods (Byrnes
et al., 2012; Kjerfve, 1986), bring increased and variable amounts of SPM into the Sound.
Additionally, Figures 4.10 – 4.18 indicated that the trends of SPIM and SPOM follow
that of total SPM during each of the seven days of data collection. As SPM
concentrations increase, SPIM and SPOM concentrations also increase, although SPOM
concentrations follow SPM concentrations more closely. This could be attributable to the
fact that SPOM concentrations make up 80% of total SPM on average, whereas SPIM
only accounts for 20% of total SPM on average. For a majority of days, SPIM had very
little significance in relation to SPM (R2 < 0.6), although on three of the days there was a
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very significant relationship (R2 > 0.65, up to 0.9). Another variable to consider is the
homogeneity of particulates. SPOM concentrations mainly consist of phytoplankton (chla, PC), whereas SPIM consists of sediments, which is most likely quartz based upon
regional geology. These sediments may be of different grain sizes and may be cohesive
or non-cohesive depending on their source (Fettweis et al., 2010). If the source is finegrained muds in a river bed, erosion potential must be high enough to move the
sediments, which is related to how much rainfall the area gets (Byrnes et al., 2012; Miller
et al., 2015). In conclusion, SPOM concentrations were strongly related to total SPM due
to the increased concentrations of organic material in the samples, whereas SPIM
concentrations were likely influenced by changes in currents, meteorological events,
tides, and resuspension of sediments.
5.3
5.3.1

Satellite Data Processing
Image Processing and SeaDAS Rrs Retrieval
True color and chl-a images can be seen in Figures 4.23 – 4.28 from the three

cloud free days of the study. The chl-a images were created in SeaDAS 6.4 as a means of
assessing the atmospheric correction, and it can be seen in the images that there are no
masked pixels over the study area. Any area of the image that appears black means that
the atmospheric correction was not successful, and that the software could not retrieve
data for those points. For these days, reflectance data was extracted from SeaDAS and
used in analysis, as described in the next section. The true color images are meant only
for visual analysis, as they are not mapped. However, when comparing the true color
images to the corresponding chl-a images, many oceanographic processes can be seen.
Ebb tide currents that occur between the barrier islands are obvious, which appear tan in
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the true color image, while increased chl-a concentrations can be noted pushing into the
open ocean from the Sound between the islands. Increased chl-a concentrations occurred
closer to land, especially in Mobile Bay and surround the mouth of the Mississippi River
(red areas). Increased levels also occur in close proximity to the Biloxi and Pascagoula
Rivers, but subside in the Grand Bay area. In the true color images, open ocean, or Case1 waters, can be seen in dark blue, while turbid waters can easily be seen close to land
and at river mouths (Figs. 4.23, 4.25, and 4.27). The same waters appear blue or purple in
the chl-a images, indicating a low chlorophyll concentration. Those pixels are used in
atmospheric correction procedures, due to the full absorption of NIR radiation in water
bodies.
Out of all research cruises, only three of the days were sufficiently cloud-free for
image analysis, giving a total of 46 sites for Rrs data extraction. The reflectance curves
can be seen in Figure 5.3, where the curve can be seen as similar to that of the GER 1500
field radiometer Rrs values. The peak reflectance at every site occurs at 547 nm (MODIS
band 12), while the minimum values occur at 748 nm and 859 nm, where there is nearly
maximum absorption. The minimum Rrs occurs at 859 nm (0.0002 sr-1) at site 7 on the
October 8, 2015 trip, which occurs in very close proximity to the manmade navigational
channel exiting the Pascagoula River, where it is common to have less particulate matter
and deeper, less turbid waters. The maximum value occurs at 547 nm (0.0119 sr-1),
corresponding with the maximum value from the field radiometer data. Overall, these 46
sites exhibit standard reflectance that would be expected in Case-2 waters, peaking in the
500 - 600 nm range (green) and showing near absorption in the NIR.
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Figure 5.3

Reflectance spectra derived from the MODIS sensor.

Rrs from 46 sites.
It has been shown that Case-2 waters exhibiting more than 100 mg/L SPM
concentrations show more reflectance in the NIR and SWIR (Knaeps et al., 2012; Knaeps
et al., 2015; Wu et al., 2014) however, a majority of SPM concentrations for this study
remained below 100 mg/L. Knaeps et al. (2015) noticed that SPM variations could be
determined by NIR, however, as wavelength increases the sensitivity to pick up on
variations in SPM decreases. NIR is useful up to ~1400 mg/L when it becomes saturated,
but in more turbid waters the SWIR should be used. For this study, very few sites
exceeded 100 mg/L, so the peaks occurring between 500 nm and 600 nm are easily
explained and expected.
The field radiometer Rrs values were validated against the satellite-derived Rrs,
and can be seen in Appendix A for each of the 43 sites that overlapped. The graphs show
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that the converted radiometer data matches the MODIS data closely. The RMSE was
calculated for each wavelength in sr-1 and percent (Table 4.1), with the lowest RMSE
values occurring at 748 nm and 859 nm (14.02% and 14.79%, respectively) and the
highest RMSE at 412 nm (26.47%). The NIR absorption explains the low RMSE values
for the higher wavelengths, as every site exhibited low reflectance values due to low
concentrations of SPM. The highest error occurred at 412 nm, in the blue region,
however, a wavelength this low is rarely used in SPM determination. Considering the
optical complexity of Case-2 waters such as the Mississippi Sound, higher uncertainty
values are to be expected (Moore et al., 2014). Moore et al. (2014) performed uncertainty
studies over seven water types, and for Case-2 waters observed high RMSE values for the
blue bands and lower RMSE values in red bands, and consistent RMSE values from blue
to green bands. This is consistent with what is seen in this study (Table 4.1). Even so,
there was no error above 26%, therefore the method for converting in situ field
radiometer data to satellite-derived data as explained by Hu (2004) may be used in further
studies in the Mississippi Sound.
5.3.2

SPM Concentration Retrieval Algorithm Results
Several models (Table 4.2) were evaluated in order to retrieve SPM

concentrations in the Mississippi Sound. In situ Rrs values were chosen to assess the
validity of the algorithms for the dataset presented here due to the increased number of
data points, since the radiometer data was shown to closely match the satellite data (in
situ, n = 86; satellite, n = 43). Algorithms to test were chosen based on research done in
other optically complex Case-2 waters with similar SPM concentrations as the
Mississippi Sound, along with algorithms that have been assessed and proven successful
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by numerous studies. Each algorithm as in the literature was evaluated for total SPM and
SPIM concentrations, which gave RMSE ranging from 51.21% to >1000% for SPM and
23.71% to >7000% for SPIM. The only algorithm that gave significant results was
developed by Han et al. (2006) for SPIM concentrations:
Log(SPM) = 0.892 + 6.2244(x)

(Eq. 5.1)

where x = [Rrs(550) + Rrs(670)] / [Rrs(550) / Rrs(670)]. Note that for this analysis, the 550
nm value was replaced with 547 nm, and 670 nm was replaced with 667 nm. This
algorithm yielded an RMSE of 23.71% and 0.26 mg/L. It should also be noted that this
model used the log of SPIM, which ranged from 0.27 to 1.38 mg/L. Considering that biooptical algorithms are usually site-specific and tuned to regional variations, it is not
uncommon to have insignificant results when attempting to validate a previously
developed algorithm.
The next step involved varying coefficients of select models. There were three
algorithms that proved successful with this dataset when modified, the first by Knaeps et
al. (2010), and is originally given as:
ln(SPM) = 3.36(x) + 1.34,

(Eq. 5.2)

where x = [Rrs(710) / Rrs(596)]. Note that for this study, 710 nm was replaced with 667
nm and 596 nm was replaced with 547 nm. Since the original model was unsuccessful,
the coefficients were modified to:
SPM (mg/L) = -34.933(x) + 85.502,

(Eq. 5.3)

where x = [Rrs(667) / Rrs(547)]. This yielded an RMSE of 20.87% (20.51 mg/L, p = 0.01)
for total SPM concentration. Compared to error in the literature, 20% is an acceptable
error for this type of study, and the significant p-value of 0.01 shows this model to be
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statistically significant. The model developed by Zhang et al. (2010), when modified,
gave the best results for SPIM. The original model is as follows:
SPM (mg/L) = 0.6311 + 22.2158(x1) + -0.5239(x2),

(Eq. 5.4)

where x1 = [Rrs(555) + Rrs(645)] and x2 = [Rrs(488) / Rrs(555)], but was modified to:
SPIM = -34.315(x) + 90.129,

(Eq. 5.5)

where x = [Rrs(547) + Rrs(667)] + [Rrs(488) / Rrs(647)]. This gave a reasonable RMSE of
18.49% (4.09 mg/L, p =0.12). Considering a range of 22.13 mg/L, this error is somewhat
reasonable, however, the model was proven to be statistically insignificant with a p-value
of 0.12.
Based on the values calculated by these models, it appears that the 488, 547, and
667 nm bands are most useful for predicting SPM and SPIM concentrations in the
Mississippi Sound. Also, as seen in Table 4.4, all of the modified algorithms yielded
RMSE between 20 - 22% for SPM and 18 - 20% for SPIM. The values are most likely so
similar due to that all of the best fit relationships were linear. Often times, changing the
type of relationship will improve the analysis, but linear fit best for this data.
Additionally, the implementation of the green and red bands is common in Case-2 waters
of moderate SPM concentrations, which explains the reason for both of the validated
algorithms presented in this study.
Finally, the multiple regression results can be seen in Tables 4.6 – 4.9, which
eliminated the 443 nm band, but implemented the other seven bands for the SPM and
SPIM analysis. For SPM, the model yielded an R2 of 0.49 (n = 86, p-values seen in Table
4.7), meaning that only 49% of the data accounts for the variance within the dataset.
However, when validated this model gave an RMSE of 15.53% (15.25 mg/L) and a MAE
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of 11.85 mg/L, considerably lower than any of the previous or modified models. The
histogram plot shows a near normal (Gaussian) distribution, therefore RMSE gives a
better understand of error as opposed to MAE, considering that RMSE is the equivalent
of a standard deviation for a regression (Chai and Draxler, 2014), but only for normal
distributions. One advantage for RMSE over MAE is that RMSE does not use absolute
values, because in many mathematical models the negative cannot simply be changed to a
positive. However, the MAE given is 11.85 mg/L, but this value may not show the
applicability of the model towards this dataset or be as sensitive to changes within the
data as RMSE (Chai and Draxler, 2014). Considering a total SPM range of 98.25 mg/L,
this model gave reasonable results, but the dataset should be expanded for better results.
For SPIM, the R2 was 0.40 (n = 86, p-values seen in Table 4.9), so that only 40% of the
variance in the dataset was accounted for. This relationship is not considered to be
significant or deterministic, however, the model did yield an RMSE of 14.99% (3.32
mg/L) and MAE of 2.68 mg/L. The histogram plot for the SPIM analysis also showed a
normal distribution, so RMSE is the best tool to assess the data. Considering a range of
22.13 mg/L, a deviation of 3.32 mg/L is an acceptable range. To obtain the best results
for RMSE or MAE, a dataset of >100 data points should be used (Chai and Draxler,
2014). Most other studies considered here showed error within 35% for total SPM, but it
has been shown that separating the dataset into inorganic material, chl-a, and CDOM
yields better models than attempting to combine all of the variables.
An attempt was made in creating a new model to retrieve SPM concentrations in
the Mississippi Sound by the use of single-band and band-ratio algorithms by the
implementation of regression analysis (Table 4.5), however, none of the common band86

ratios had a significant relationship based on this data. Sediments, chl-a, PC, and CDOM
all vary based throughout the Sound based on meteorological events, currents, tides,
winds, and anthropogenic activity in the watershed. If there has been increased rainfall,
more sediments will be eroded and deposited into the Sound, and if wind speeds have
been high due to a front or a major storm, resuspension of sediments may occur. In
addition to these variables, the westernmost sites are located near numerous rivers, which
means that the waters there vary more than the easternmost sites, where very little fresh
water gets deposited in comparison. Due to this complexity in the Mississippi Sound,
more data should be collected in order to calibrate and validate a model for the retrieval
of SPM concentrations from satellite-derived MODIS data.
5.4

SPM and SPIM Concentration Maps
The SPM and SPIM concentration maps based on Equations 4.2 and 4.3 can be

seen in Figures 4.35 – 4.40. Figures 4.35 and 4.36 represent data from October 8, 2012,
and the retrieval formulas for SPM and SPIM concentrations gave reasonable results for
this day. Figures 4.37 and 4.38 show the MODIS image from August 31, 2015 with the
applied models, and once again, the SPM and SPIM concentration maps are similar to the
in situ dataset. Figures 4.39 and 4.40 show the MODIS image from October 8, 2015 with
the applied models, and here it appears that the models have overestimated SPM and
SPIM concentrations by a few orders of magnitude. A comparison of true color images
and model-applied images can be seen in Appendix B. The discrepancies in the data are
mostly likely due to atmospheric effects, as it can be seen in the true color image from
Figure 4.23 that the day was completely cloud-free, and the SPM and SPIM map reflects
that with very similar concentration values. The true color image seen in Figure 4.25
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from August 31, 2015 shows some cloud cover, most of which is over land, and the SPM
and SPIM map results show very reasonable results for concentrations. The map created
from October 8, 2015, however, shows very high SPM and SPIM concentrations. The
true color image corresponding to this in Figure 4.27 shows many atmospheric
constituents, including some light cloud cover over the study area. It is possible that these
atmospheric effects created increased reflectance values, therefore overestimating actual
SPM and SPIM concentrations for this day. To follow up on these discrepancies, it is
possible that a more advance atmospheric correction be applied to this image to see if the
resulting SPM and SPIM concentrations are more reasonable.

88

CHAPTER VI
CONCLUSION
6.1

Bio-Optical Algorithms
In this study, remote sensing reflectance (Rrs) was used as a means of estimating

SPM concentrations in the northern Gulf of Mexico, specifically the Mississippi Sound.
Initially, when previously developed bio-optical algorithms were tested with the in situ
Rrs, SPM, and SPIM values, only one yielded an RMSE of less than 30% (Han et al.,
2006) for the determination of SPIM concentrations in the study area, but the p-value was
0.81 for this model, proving it statistically insignificant. Three additional algorithms
(Knaeps et al., 2010; Sravanthi et al., 2013; Tarrant et al., 2010) appeared significant
based on p-values (< 0.05), however, the RMSE for those models were too high to
successfully predict SPM concentrations. Subsequently, coefficients of selected
algorithms were modified to fit local variations, with the best fits yielding a 20.99% (p =
0.03) RMSE and 18.97% (p = 0.02) (Sravanthi et al., 2013; Tarrant et al., 2010) for the
determination of SPM and SPIM, respectively. With an SPM range of 98.25 mg/L and an
SPIM range of 22.13 mg/L, the lowest RMSE values of 20.62 mg/L and 4.19 mg/L,
respectively, fall within reasonable limits compared to the literature. In an attempt to
lower the RMSE for both SPM and SPIM, a least-fit squares regression analysis was run
which yielded a complex linear model using seven of eight bands, but which lowered the
RMSE to 15.53% (15.25 mg/L) for SPM concentrations. However, a moderate R2 of 0.49
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showed that the relationship is not very deterministic between Rrs and in situ SPM
although the RMSE is well within reasonable limits. Additionally, this model is
statistically significant with a p-value of 0.00. For SPIM, the R2 also remained moderate
at 0.40, but the RMSE was reduced from 18.97% (4.19 mg/L) to 14.9% (3.32 mg/L). This
model also yielded a p-value of 0.00, showing a statistically significant relationship. For
both the predictions of SPM and SPIM concentrations, the regression models were found
to be good fits based on the p-values (<0.05, respectively), however, the individual pvalues of certain independent variables (531, 547, 748, and 869 nm) showed that not
every independent variable added statistical significance to the prediction. The
Mississippi Sound is a very optically complex body of water, with fluctuations of mineral
sediment (SPIM), phytoplankton (chl-a), and additional organic material (CDOM),
whose concentrations vary based upon discharge from the rivers which feed the Sound,
which in turn affect biogeochemical cycles throughout the water body. It has been shown
that variations in the Mississippi Sound fluctuate not only from season to season, but
even from day to day, so a longer dataset with a higher sampling frequency may be
needed in order to develop a more robust bio-optical algorithm for the determination of
SPM and SPIM in the Mississippi Sound.
6.2

Future Research
A number of promising possibilities exist for future research. First, in order to

fine-tune the algorithms developed here, a new sampling methodology may be used to
collect a wider range of in situ SPM concentrations. It could prove beneficial to begin the
sampling in an area of higher SPM concentrations, such as a river mouth, then move
south toward and past the barrier islands where SPM concentrations should be lower.
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This would allow for a more thorough analysis of the relationship between SPM
concentrations and remote sensing reflectance. The wider range of sampled SPM
concentrations would likely result in a higher R statistic when correlated with MODISderived SPM concentrations due to the expanded range of values available for analysis.
In addition, given the complexity of the Mississippi Sound, the study may benefit from a
much larger sample population over every season, and in the wake of any substantial
weather events. Making these additions would improve the ability for investigators to
properly assess and define the relationship between the two variables in question. In
addition to conducting this study based on the AOPs of the Mississippi Sound, the IOPs
should also be assessed. This would involve breaking the water samples down into their
optically active constituents: chl-a, CDOM, PC, non-algal particles, and water itself,
based on a simulation methodology. If the absorption and backscattering properties of
these parameters are known, the remote sensing reflectance may be calculated and
validated to that of the satellite data. This method has proven very successful in giving
very accurate results, and is becoming a more popular method of algorithm development
for coastal and oceanic waters.
6.3

Importance
Hazards associated with increased SPM concentrations include the conveyance of

agricultural nutrients such as nitrogen, phosphorus, and organic materials, along with
pathogens and other contaminants, all of which are harmful to marine biodiversity. The
“Dead Zone” is an area of hypoxia associated with the Mississippi River plume,
characterized by increased freshwater flow and nutrient-carrying sediments, and through
consistent monitoring, preventative measures may be taken and best management
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practices put in place so that this does not occur in the estuaries of the Mississippi Sound.
Considering the Gulf Coast is one of the U.S.’s most important commercial fisheries,
these parameters should be monitored throughout the area in order to prevent further
destruction of the ecosystem. If increased SPM concentrations can be anticipated, it may
be possible to predict hypoxic events and therefore the health of ecosystems in the
Mississippi Sound, and the use of satellite data can be used in understanding not only
water quality but also sediment transport throughout the Mississippi Sound. Furthermore,
if pollution or contaminants were to leak upstream of the Mississippi Sound and carried
by the associated rivers, it may be possible to rapidly track the path of the contaminants
based solely upon satellite data, resulting in a rapid and cost-effective analysis.
Ultimately, there is now a possibility to map the distribution of SPM concentrations
anywhere in the Mississippi Sound (given a cloudless day) and, and also to create a timeseries analysis of SPM dynamics in the Sound using MODIS images since the satellite
first launched.
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SITE BY SITE COMPARISON OF FIELD RADIOMETER REFLECTANCE DATA
AND MODIS-DERIVED REFLECTANCE DATA
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A.1

In situ reflectance in comparison with MODIS-derived reflectance
This site by site comparison is only for analysis of the error between reflectance

measured by the GER 1500 field radiometer and MODIS-derived reflectance. S1 – S43
represents each sample at which there was both sets of data.

Figure A.1

GER vs MODIS reflectance, S1.
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Figure A.2

GER vs MODIS reflectance, S2.

Figure A.3

GER vs MODIS reflectance, S3.
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Figure A.4

GER vs MODIS reflectance, S4.

Figure A.5

GER vs MODIS reflectance, S5.
106

Figure A.6

GER vs MODIS reflectance, S6.

Figure A.7

GER vs MODIS reflectance, S7.
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Figure A.8

GER vs MODIS reflectance, S8.

Figure A.9

GER vs MODIS reflectance, S9.
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Figure A.10 GER vs MODIS reflectance, S10.

Figure A.11 GER vs MODIS reflectance, S11.
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Figure A.12 GER vs MODIS reflectance, S12.

Figure A.13 GER vs MODIS reflectance, S13.
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Figure A.14 GER vs MODIS reflectance, S14.

Figure A.15 GER vs MODIS reflectance, S15.
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Figure A.16 GER vs MODIS reflectance, S16.

Figure A.17 GER vs MODIS reflectance, S17.
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Figure A.18 GER vs MODIS reflectance, S18.

Figure A.19 GER vs MODIS reflectance, S19.
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Figure A.20 GER vs MODIS reflectance, S20.

Figure A.21 GER vs MODIS reflectance, S21.
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Figure A.22 GER vs MODIS reflectance, S22.

Figure A.23 GER vs MODIS reflectance, S23.
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Figure A.24 GER vs MODIS reflectance, S24.

Figure A.25 GER vs MODIS reflectance, S25.
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Figure A.26 GER vs MODIS reflectance, S26.

Figure A.27 GER vs MODIS reflectance, S27.
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Figure A.28 GER vs MODIS reflectance, S28.

Figure A.29 GER vs MODIS reflectance, S29.
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Figure A.30 GER vs MODIS reflectance, S30.

Figure A.31 GER vs MODIS reflectance, S31.
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Figure A.32 GER vs MODIS reflectance, S32.

Figure A.33 GER vs MODIS reflectance, S33.
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Figure A.34 GER vs MODIS reflectance, S34.

Figure A.35 GER vs MODIS reflectance, S35.
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Figure A.36 GER vs MODIS reflectance, S36.

Figure A.37 GER vs MODIS reflectance, S37.
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Figure A.38 GER vs MODIS reflectance, S38.

Figure A.39 GER vs MODIS reflectance, S39.
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Figure A.40 GER vs MODIS reflectance, S40.

Figure A.41 GER vs MODIS reflectance, S41.
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Figure A.42 GER vs MODIS reflectance, S42.

Figure A.43 GER vs MODIS reflectance, S43.
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TRUE COLOR IMAGES COMPARED TO SPM AND SPIM CONCENTRATION
MAPS

126

Figure B.1

True color MODIS Aqua image, October 18, 2012.

Figure B.2

SPM concentration map, October 18, 2012.
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Figure B.3

SPIM concentration map, October 18, 2012.

Figure B.4

True color MODIS Aqua image, August 31, 2015.
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Figure B.5

SPM concentration map, August 31, 2015.

Figure B.6

SPIM concentration map, August 31, 2015.
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Figure B.7

True color MODIS Aqua image, October 8, 2015.

Figure B.8

SPM concentration map, October 8, 2015.
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Figure B.9

SPIM concentration map, October 8, 2015.
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